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1.0 Methods
This section describes the methodology used to
generate climate space projections. It provides
details on data sources, data manipulation
techniques and modelling approaches.

The principal modelling approach was based on the
development of climate space models, although
other approaches were applied during the project.
This section describes only those approaches that
contributed to the final outputs or were central to
the development of the final methodology and
might inform future research. Technical documents
provide a more complete account of all the
approaches (Harrison et al., 2001; Berry et al.,
2005; Berry et al., 2006).

1.1 Data sources
The climate space models were based on five main
data sources:

• baseline climate records;
• existing species distribution records;
• simulated future climate change scenarios;
• soil maps; and
• land cover.

1.1.1 Baseline climate records

The baseline climate data (1961-1990), at a
resolution of 5km for Great Britain, came from the
UK Climate Impacts Programme (UKCIP) baseline
climatology (Hulme et al., 2002a) and, for Ireland,
were extracted from the British-Irish Council
database (Jenkins et al., 2003).

Six variables were directly extracted from the UKCIP
baseline climatology: mean, minimum and
maximum temperature, precipitation, sunshine
hours and wind speed. For wind speed, data were
only available for the years 1969 to 2000, so a
period-mean for 1969-1990 was computed.
For Ireland, monthly climate data for all years from
1961 to 2000 were available for eight variables at a
5km spatial resolution from the British-Irish Council
(BIC) (Jenkins et al., 2003). Individual years from
1961 to 1990 were directly extracted from the BIC
database and used to compute a period-mean
climatology for the same six variables.
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1.1.2 Climate change scenarios

Projected climate change data were sourced from
the UKCIP02 climate change scenarios (Hulme et
al., 2002a). MONARCH utilises the low (B1) and high
(A1F1) emission scenarios from UKCIP02 to model
three 30-year periods centred on the 2020s (2011 to
2040), the 2050s (2041-2070) and the 2080s (2071-
2100).

The UKCIP scenarios were generated using a nested
modelling approach defined in Hulme et al., 2002a.
In summary, the boundary conditions for a high-
definition, global atmosphere model (HadAM3H,
120km grid) were derived from a related ocean-
atmosphere model (HadCM3, 250km x 300km grid).
These were then used to set the boundary
conditions for a regional climate model (HadRM3,
50km grid). Only the 2080s scenarios were
generated directly from the model to keep down
computing costs. Data for the 2020 and 2050 time-
slices were generated by an algorithm that
assumed that the pattern of climate change
between the 2080s and current baseline would
remain the same, with a small adjustment for
changes in mean global temperature (see Mitchell,
2003). The 50km grids were then interpolated to
create 5km grids. MONARCH initially made use of
the finer resolution data, however, the final outputs
were based on the 50km grid.

1.1.3 Soils data

The data for calculating the available water-holding
capacity of the soil (AWC) for input into the SPECIES
model were obtained from the Soil Survey and Land
Research Centre (SSLRC) for England and Wales and
from the Macaulay Land Use Research Institute
(MLURI) for Scotland. For Ireland, the General Soil
Map of Ireland (Gardiner & Radford, 1980) was
digitised and used to estimate values of AWC
(Harrison et al., 2001).

1.1.4 Species distribution maps

The climate space model used in MONARCH
requires Europe-wide species distribution data in
order to make future climate space projections,
which restricted species selection for modelling.
European distributions were readily available from
published atlases covering amphibians
(Spellerberg, 2002), ants (Collingwood, 1979), birds
(Hagemeijer & Blair, 1997), butterflies (Tolman,
1997), mammals (Mitchell-Jones et al., 1999) and
most higher plants (Hulten, 1959; Meusel et al.,
1965, 1078, 1992; Jalas & Suominen, 1972-91).
Distribution data for other taxa were much more
difficult to locate (Table 1.1).

European distribution records were supplemented
by British and Irish data provided by the
Environmental Records Centre, Centre for Ecology &
Hydrology (CEH) Monks Wood, excepting birds data
drawn from the New Atlas of Breeding Birds in
Britain and Ireland (Gibbons et al., 1993).
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Taxonomic Group Number
of species

Amphibians 3
Ants 5
Bees and wasps 3
Beetles 2
Birds 26
Butterflies 11
Damsel and dragonflies 1
Lichen 9
Mammals 11
Molluscs 5
Mosses 2
Reptiles 1
Vascular plants 40

Table 1.1:
Number of BAP (Biodiversity Action Plan)
species in each taxonomic group for which
European distribution data was sourced



1.1.5 Land cover

Land cover data were sourced from the 1km
resolution CEH Land Cover Map (LCM) 2000 (Fuller
et al., 2002). This identifies 16 target classes of land
cover sub-divided into 27 broad habitat types. In
Ireland, CORINE data were used, based on the
visual interpretation of satellite imagery, which
divided land cover types into one of 44 classes
(http://reports.eea.europa.eu/COR0-
landcover/en).

For every 1km grid cell, both datasets give details of
the percentage occupied by each land cover class.
However, as the climate data were only available for
5km grid cells, land cover data were aggregated at
5km resolution.

1.2 Modelling
approaches

1.2.1 Climate space model

Climate spaces are defined as areas that are
potentially suitable for a species. Five biologically
relevant climatic variables were correlated with the
presence or absence of selected species across a
set of sample points.

Design of the climate space model
Changes in the climate space of the selected
species were defined by applying the SPECIES
(Spatial Estimator of the Climate Impacts on the
Envelopes of Species) model developed under
previous phases of the MONARCH project (Harrison
et al., 2001; Berry et al., 2005). This characterises
climate spaces using an artificial neural network
(ANN). ANNs are computational algorithms that
‘learn’ underlying relationships between input
(bioclimatic variables) and output (species
presence/absence) data in order to project future
changes in species presence or absence due to
climate. A schematic of the various steps performed
by the SPECIES model is presented in Figure 1.1.
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Figure 1.1: Schematic diagram of the SPECIES model (taken from Pearson et al., 2002)



Input climate variables
Bioclimatic input variables were calculated from the
baseline and UKCIP scenarios climate data. A full
description is given in Pearson et al. (2002).
Variables that were most strongly correlated with
large-scale bird distribution records (Harrison et al.,
2003) and records for a range of other taxa (Berry et
al., 2003) are given in table 1.2.

Input distribution variables
The ANNs were trained and tested using European
species distribution data (section 2.1.4). For most
species, this information enabled their entire
climate space to be explored. For some, however,
extrapolation outside the range of the model’s
training dataset occurred.

Model training and calibration
The number of hidden layers used in the ANN (the
‘network architecture’) and parameter values were
tested to determine the best relative performance
following various established procedures (Breiman
1994; Engler et al., 2004).

The full European dataset, formed by pairing the
observed bioclimatic variables and species
incidence values, was randomly sub-divided into a

candidate training pool (70%) and a candidate
validation pool (30%) (this is called data splitting),
each with the same presence-to-absence ratio as
the full dataset to eliminate any representational
bias.

Operational training and validation sets, each of the
same size as the full dataset and containing equal
numbers of presence and absence points, were
then constructed from each of the candidate pools.

Bootstrapping (i.e. sampling with replacement) was
performed to reduce any sensitivity bias in the
trained models towards projections of overly high
or low suitability values.
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Table 1.2:
Bioclimatic input variables used for birds and other taxa in the SPECIES model

Birds Other taxa

Growing degree days > 5°C Growing degree days > 5°C

Absolute minimum temperature
expected over a 20-year period

Absolute minimum temperature
expected over a 20-year period

Mean summer temperature (May, June, July) Annual maximum temperature

Mean summer precipitation (May, June, July) Accumulated annual soil water deficit

Mean winter precipitation (December, January,
February)

Accumulated annual soil water surplus

Mean summer water availability (May, June,
July)

As these bioclimatic input variables can vary by several orders of magnitude, they were normalised to
the range 0 to 1 before model training, using the minimum and maximum values for Europe
(Tarassenko, 1998) to improve model performance.



Calibration or training, which iteratively updated
the weights of the ANN, was performed on the
operational training dataset. The operational
validation set was used to independently test the
projective accuracy of the final calibrated model.
The validation set was also used to monitor the
network’s generalisation error, computed as the
sum of squared differences between simulated and
target output values, after each training epoch (100
cycles). This provided a simple but accurate way of
identifying a point at which the network might be
starting to overfit.

Overfitting occurs when a model begins to replicate
the training data instead of trying to capture the
underlying relationship between inputs (bioclimatic
variables) and outputs (bioclimatic suitability). ANN
models are especially prone to overfitting if they are
overly complex (too many hidden units and layers)
or have been trained for too long. To help minimise
this problem, training was stopped when the
relative error for the validation set ( [best error –
current error] / best error ) failed to decrease by
more than 0.001 over three training epochs.

Running the model
For each species, three different training runs were
performed, each using a different random starting
solution for the network weights. The best (but not
necessarily optimal) network for each species was
selected as the one achieving the lowest validation
set error.

Statistical testing and validation of the outputs
The performance of each network was statistically
evaluated using the Area Under the Receiver
Operating Characteristic Curve (AUC) and Cohen’s
Kappa statistic of similarity (K). Kappa is a
commonly used statistic that provides a measure of
similarity between spatial patterns, adjusted for
chance agreement (Cohen, 1960). Kappa values
vary from 0, indicating no agreement between
observed and projected distributions, to 1, for
perfect agreement. They depend on the threshold
used to determine whether simulated results are
treated as presence or absence points.

Maximum agreement for Kappa was calculated by
iteratively adjusting this threshold from 0 to 1 in

increments of 1x10-4 (Pearson et al., 2002). AUC is
calculated from plots of the Receiver Operating
Characteristic (ROC) curve. ROC curves measure the
trade-off between a model’s sensitivity (the
proportion of true presences to the actual number
of projected presences) and its false-positive
fraction (the proportion of false presences to the
actual number of projected absences) as a function
of all possible classification thresholds. This index
is an unbiased measure of a model’s projective
accuracy and is independent of both species
prevalence in the validation dataset and the
threshold used to determine whether simulated
results are treated as presence or absence points
(Fielding & Bell 1997). AUC ranges from 0.5, for
models with no discrimination ability, to 1, for
models with perfect discrimination.

Thresholds help interpret measures of agreement
between observed and simulated distributions.
Monserud (1990) suggests the following ranges of
agreement for Kappa: excellent >0.85; very good
0.7-0.85; good 0.55-0.7; fair 0.4-0.55; and poor
<0.4. For the AUC, Swets (1988) recommends
interpreting values using the ranges: excellent
>0.90; good 0.80-0.90; fair 0.70-0.80; poor 0.60-
0.70; fail <0.60.
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Presentation of climate space model outputs
Once an ANN was trained and validated at the
European scale, it was used to project suitability of
climate space within Britain and Ireland for the
current baseline period (1961-1990) and for future
climate change scenarios. For each species, the
primary output from a trained ANN was a climate
suitability surface map for each climate change
scenario showing the likelihood of species presence
(measured between 0 and 1) across the training
region (Europe) and projected study area (Britain
and Ireland). See Figure 2.2 for a sample output.

To aid the interpretation and presentation of model
results, binary maps showing areas of potentially
suitable or unsuitable climate space were
generated from the suitability surfaces by setting a
presence threshold above/below that which a
species is considered present/absent (Figure 1.2).

Thresholds are normally chosen as those producing
maximum agreement between observed and
simulated distributions. One approach was to use
the threshold value that maximizes the Kappa
statistic, as described above. An alternative
approach, based on an ROC analysis, involved
plotting sensitivity versus specificity (one minus the
false positive fraction) at different threshold values
and taking the value at which the two curves cross,
as shown in Figure 1.3. This method balances the
cost arising from an incorrect projection with the
benefit achieved from a correct projection (Manel et
al., 2001).

Future
potentially
suitable climate
space maps
were overlaid on
simulated base
climate space to
help distinguish
areas of overlap
(green), gain
(blue) and loss
(red) in suitable
climate space,
as shown in
Figure 1.4.
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Figure 1.2: Maps of simulated European climate
suitability (below) and corresponding
thresholded (potentially suitable/unsuitable)
climate space (foot of page) for large copper
butterfly (Lycaena dispar)
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Figure 1.4: Climate space
change map for pearl-
bordered fritillary (Boloria
euphrosyne) for the UKCIP
2080s High scenario.

Figure 1.3: Plot of sensitivity and specificity
at different presence thresholds. T* indicates
the optimal threshold where the specificity
and sensitivity curves cross.



1.3 Ensemble
forecasting

Training and validation of the ANN using a single
data-splitting cross-validation procedure
(sometimes referred to as the ‘holdout method’), as
described earlier, made the models for some
species too unstable, with projections of future
climate space varying markedly between model
runs, as illustrated in Figure 1.5. This is a frequent
problem with the holdout method (Harrell, 2001)
because the model never uses the full set of
European data during training. Projections may
differ significantly depending on whether particular
data points end up in the training set or in the
validation set. This problem was overcome by
splitting the data into training and validation sets
several times to construct a number of different
ANNs. Each model was calibrated on one of the
training sets and then independently tested on the
complementary validation set to calculate AUC and

Kappa values. An ensemble model output was then
formed by combining the multiple simulations and
subsequently used for making all climate space
projections.

A ‘majority-voting scheme’ was used to combine the
projections after each output was converted to
presence or absence values using the average
specificity-sensitivity threshold. This threshold was
calculated by averaging the specificity and
sensitivity curves for each individual ANN and then
determining the point at which the two averaged
curves cross. Whether presence or absence was
most commonly projected determined the final
projection. If a tie occurred, the threshold value of
the ensemble average was used to cast the final
vote. The greater stability and associated reduction
in spatial variance that this method provides can be
seen in Figure 1.6.

Ensembles were formed using 10 ANNs. This number
was chosen as a good trade-off between reduced
spatial variance and greater computational cost.
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Figure 1.5: Comparison of four runs of the model using the holdout method for pearl-bordered
fritillary butterfly (B. euphrosyne) for the UKCIP 2080s Medium-high scenario

Figure 1.6: Comparison of four outputs using the aggregated 10-fold cross-validation method for
pearl-bordered fritillary butterfly (B. euphrosyne) for the UKCIP 2080 medium-high scenario.



1.4 Presence-only
modelling

The SPECIES model was also modified to use
distribution data where true absences had not been
captured (i.e. where only partial European
distributions were available). The method trained
the model with a set of pseudo-absences within
grid squares where a species was very likely to be
absent. This was accomplished by compiling
environmental data on grid squares where the
species were present in order to estimate an
approximate environmental envelope.

An initial habitat suitability map was generated
using Ecological Niche Factorization Analysis (ENFA)
(Engler et al., 2004). ENFA maps ecogeographical
variables onto a series of uncorrelated axes. Each
ENFA component has an explicit ecological
meaning. One explains the marginality of the
species, i.e. how its area of occupancy differs from
the average conditions of the study area. The others
explain different elements of species specialisation,

i.e. how selective it is in comparison to the entire
range of environmental variability. Having derived a
set of ENFA factors, a habitat suitability map with
values ranging from 0 (low suitability) to 1 (high
suitability) was constructed. Each point in the study
area was assigned a suitability index, with points
closer to the medians being more suitable (Hirzel et
al., 2002). An ENFA habitat suitability map is shown
in Figure 1.7.

Subsequently, a large number of pseudo-absent
points were randomly chosen, based on their ENFA
suitability scores, and used with the full set of
observed presence points to construct ANN training
and validation datasets. Specifically, a candidate
pool of pseudo-absent points was constructed
using the lower 10th percentile of suitability scores
from the ENFA analysis. From this pool, pseudo-
absences were randomly selected with frequencies
in proportion to one minus their suitability. In this
way, ANNs can be trained and validated using
climatically diverse pseudo-absent grid squares
that have an increased likelihood of being ‘true’
absences.
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Figure 1.7: The observed presence (left) and ENFA habitat
suitability index surface (right) for the mining bee Andrena
ferox.



1.5 Land cover masking
Although current land cover is likely to change over
time, it was adopted as a proxy for habitat
suitability to limit simulated distributions to
suitable areas when modelling at finer scales.
Areas of potentially suitable climate space with
unsuitable land cover were masked,
as illustrated in Figure 1.8.

Unsuitable land cover types were identified by
compiling a table of habitat types associated with
each of the species modelled using Simonson and
Thomas (1999). Each of the habitats was then
related to one of the 27 LCM2000 classes, further
details of which can be found at:
http://science.ceh.ac.uk/data/lcm/
lcmleaflet2000/leaflet3.pdf

Corine land cover information provided data for the
whole of Ireland, with 44 Corine classes having to
be equated to the LCM2000 land cover class so that
UK and Irish datasets could be integrated. Habitat
masking subsequently excluded each grid square
with no suitable habitat. The habitat masking was
performed as a post-hoc processing procedure on
the output from the SPECIES model without any
thresholds (i.e. a cell was deemed suitable if the
habitat was present).

1.6 Supplementary
approaches

Some methods or approaches developed in earlier
phases of the project were not carried forward into
the final phase. Details have been included in
anticipation of potential questions about obvious
avenues of enquiry, such as the linking of dispersal
modelling with climate spaces. They have also been

presented as learning points. The
conceptual framework for three
approaches, SPECIES model
downscaling, land cover change and
modelling dispersal can be seen in
Figure 1.9.

Downscaling the species model
took the results to a finer resolution
that could not be supported due to
the availability, quality and
resolution of data sources, such as
the observed distribution and
climate scenario input data.
Consequently, the dispersal model

was based on limited data such that its outputs
could not be properly validated. There were similar
issues with land cover change analyses.
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Figure 1.8: Comparison of unmasked (left) and masked
(right) climate space for Catapyrenium psoromoides (tree
catapyrenium) for the UKCIP 2080s High scenario.

Figure 1.9: Conceptual framework for
supplementary approaches developed as
part of the MONARCH project.



1.6.1 Down-scaled SPECIES model

In earlier phases of the project (Berry et al., 2005),
the SPECIES model was spatially down-scaled to
identify suitable climate spaces for species at a
finer resolution (Pearson et al., 2004). A summary
of this refined modelling approach can be seen in
Figure 1.10.

The top half of the schematic presents the original
SPECIES model, with continental-scale ANN training
driven by climate at a spatial resolution of 50km. A
50km resolution climate suitability surface was

then incorporated, along with pre-selected land
cover classes, to form a second ANN which was
trained against British species distributions
collated on a 10km grid. The second ANN tried to
characterise the relationship between species
distribution, climate and land cover, and was used
to simulate suitability surfaces for species at 10km
and 1km resolutions. This was done for selected
species occurring in pilot areas covering
Hampshire, Snowdonia, Central Highlands and the
Cuilcagh/Pettigo Peatlands in Ireland (Berry et al.,
2005).
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Figure 1.10: Schematic of the downscaled SPECIES model (adapted from Pearson et al., 2004).



1.6.2 Land cover change scenarios

A land cover model was also developed for use in
the downscaled SPECIES model to consider
changes that might occur. Land cover data was
converted to presence-absence data, using 5%
cover as the threshold for each square. The land
cover model was applied to all land cover classes
that were considered likely to be affected by
climate change. Ubiquitous land cover types were
excluded. Classes that were included are
summarised in Table 1.3. Although some are more
likely to be misclassified, they were included
because of the need to consider impacts on these
habitats.

In contrast to the climate space modelling, baseline
climate data from 1971-2001 were matched to land
cover data. The modelling also made use of the
soils datasets outlined in 1.1.3. Scottish and Irish
soils data were derived from separate datasets and
contained different variables, so the land cover
modelling was developed for England and Wales,
Scotland and Ireland separately.

Modelling involved defining a series of correlative
relationships between climate and soil variables

(depth, and water, clay and humus content) and the
presence/absence of particular land cover classes.
The nature of these relationships was explored
through the development of a generalised additive
model using a logistic link function within Statistica
6.1 (Statsoft Inc., 2000). The parameters retained by
the regression procedure were used to generate
mapped projections.

The climate and land cover class data were
randomly sampled and partitioned into training
(70% of dataset) and validation (30% of dataset)
datasets for the development and validation of the
model. Probability values were obtained for each
respective land cover class and the threshold
probability for presence of a land cover class was
determined by maximising the agreement between
the training and validation datasets. Interpretation
of the projective power of the models and the level
of agreement between the training and validation
sets was made using Cohen’s Kappa statistic and
the Area Under the Receiver Operating
Characteristic Curve (AUC), previously described in
Section 1.2. Figure 1.11 shows the pattern of
observed and projected land cover classes
generated by the approach for selected habitats.
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Table 1.3: Land cover classes used in the modelling study from LCM2000, for England &Wales
(E&W) and Scotland (S), and from Corine, for Ireland.

LCM2000
Classes

Corine
Classes

Code Description Code Description
8 Bog, deep peat (E&W; S) 12 Non-irrigated arable land
9 Dense dwarf shrub (E&W; S) 18 Pastures
10 Open dwarf shrub (E&W; S) 20 Complex cultivation patterns
11 Montane habitats (S) 21 Land principally occupied by agriculture
12 Broad leaved/mixed woodland (S) 23 Broad-leaved woodland
15 Neutral grass (E&W; S) 24 Coniferous forest
17 Bracken (E&W; S) 26 Natural grasslands
18 Calcareous grass (E&W; S) 27 Moors and heathland
19 Acid grassland (E&W; S) 29 Transitional woodland-shrub
20 Fen, marsh, swamp (E&W) 33 Burnt areas

35 Inland marshes
36 Peat bog



For every class the maximised kappa values, AUC
values and percentage of squares correctly
projected by the model were calculated and an
interpretation of the projective power of the model
was made using the Kappa statistic (Manel et al.,
2001; Landis & Koch, 1977).

The Receiver Operating Characteristic (ROC) Curves
showed that the separate models in each country
perform well for most land cover classes. The
models for Scotland consistently had the lowest
projective power, whilst the England and Wales
models were generally best.

1.6.3 Dispersal model

A spatially explicit cellular automata model was
developed to investigate the ability of plant species
to move through fragmented landscapes (Pearson
& Dawson, 2004). The model operates in discrete
time and space and simulates stochastic dispersal
at larger scales, with cell sizes of 1km2.

The model did not aim to simulate the fate of
individual seeds but described the dispersal of
‘propagules’, defined as the minimum number of
individuals capable of successfully colonising a new
cell (Higgins et al., 2003a). Three basic steps were
simulated: (i) survival, (ii) within-cell population
dynamics, and (iii) dispersal, as set out in Figure
1.12.
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Figure 1.11: Comparison of observed and projected presence/absence data for acid grassland
(England &Wales and Scotland) and moors and heathland (Ireland). Green = present. Purple =
absent.
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After assigning species parameters, initialising the
model with suitability scores for each cell and
defining the initial populations, the model was run.

Cells were assigned as either suitable or
unsuitable. The suitability of a cell was changed
across time steps according to the suitability
surfaces produced by the downscaled SPECIES
model for the UKCIP02 climate change scenarios
and the combined climate and land cover change
scenarios. Suitability was defined using the 95%
cut-off threshold from the ROC curve.

Within-cell population dynamics were incorporated
to determine the number of propagules released by
a populated cell in each time step. The model flow
placed dispersal within an organism’s life cycle,

with the test for survival carried out before
populations released propagules (Hassell et al.,
1995). Population growth was not initiated until the
population in a cell had been established for a set
period, defined by the number of time steps
required for an individual plant to reach
reproductive maturity. The number of propagules
released by a populated cell at each time step was
thus determined by a combination of the inherent
fecundity of the species, i.e. how many seeds are
produced, and the size of the population.

The likelihood of a population releasing propagules
was assumed to increase with population size and
population size was assumed to increase through
time (except for extinction). A population density
growth function was therefore incorporated within
each cell, such that older populations had a higher
probability of releasing propagules. Population
growth was defined by a sigmoidal, density
dependent function. Such functions assume that
population density is only affected by intraspecific
competition (between individuals of the same
species) and take no account of interspecific
competition (between individuals of different
species).

The model was designed to be flexible and to
incorporate rare, long-distance dispersal (LDD)
events, focusing on seeds that are expected to
travel at least several hundred metres and thus
drive movement at coarser spatial resolutions
(Nathan et al., 2002).

The redistribution of the propagules across the grid
at each time step was determined by a dispersal
kernel. A dispersal kernel is a function describing
the probability of propagules dispersing a given
distance from their source. The dispersal kernel
included in the model was based on the work of
Clark et al., (1998) and is capable of describing
gaussian, exponential and leptokurtic or ‘fat-tailed’
distributions, see Figure 1.12 for details.
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parameter and the population density within a
cell. New populations are established if target
cells have suitable habitat and are
unpopulated

time t

time t + 1

Figure 1.12: Flow diagram detailing the steps
undertaken in the dispersal simulation (from
Pearson and Dawson, 2004).



The ‘fat-tailed’ dispersal function enabled low-
probability LDD to be simulated. LDD mechanisms
are diverse and include seed carried by the wind,
dispersal by birds and mammals (Higgins et al.,
2003). The model was run using a Monte Carlo
approach, running the model several thousand
times so that a probability surface was created that
identified those cells more/less likely to be
populated under the dispersal assumptions of the
model.

The dispersal modelling aimed to ascertain whether
species could track the changes in the suitability
surface projected by the downscaled SPECIES
model for the UKCIP02 climate change scenarios for
the 2020s and 2050s. The UKCIP02 scenarios for
the 2020s are based on the average of the time
period 2011 to 2040, whilst scenarios for the 2050s
are based on the period 2041 to 2070. The mean
point of these 30-year periods is 2025 and 2055.
Hence, the dispersal model was run for 25 and 55
time steps for the 2020s and 2050s scenarios,
respectively, assuming a base year of 2000. To
allow the species time to react to the new climate
and land cover suitability surfaces, the model was

run with baseline suitability surfaces for 10 time
steps, then switched to the 2020s suitability
surface and run for a further 15 steps. At this point
the dispersal probability map for the 2020s was
saved. The model was then run for a further 30 time
steps before the 2020s suitability surface was
switched to the 2050s suitability surface and finally
the model was run for 15 time steps before saving
the dispersal probability results for the 2050s
scenario. This lag that was set for land cover change
was arbitrary.

The model required parameterisation for six
species-dependent variables before it could be
applied. The variables were maximum and mean
dispersal distance; the shape parameter for the
dispersal kernel; net reproductive rate; years to
reach reproductive maturity; and fecundity. An
extensive search of the ecological literature
confirmed that such specific information was rarely
available. As a result, expert judgement was used
to set broad values that were then subject to a
sensitivity analysis.
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Figure 1.13: Dispersal
kernels used in the
model, after Clark et al.
(1998).
Each curve has the same
mean and maximum
dispersal distance, but a
different amount of
kurtosis. The high
kurtosis of the fat-tailed
kernel means that
propagules will have a
low, but not insignificant,
probability of dispersing a
long distance from the
source. Plotting the
probabilities on a log
scale (inset) clarifies
potential for long-
distance dispersal (from
Pearson and Dawson,
2004).



2.1 Introduction
The complexity of the natural world is a
fundamental challenge to modelling. Climate space
models, such as SPECIES, can provide a useful
approximation of the potentially dramatic impact of
climate change on biodiversity. However, results
need to be interpreted with careful understanding
of the limitations involved when developing
conservation adaptation strategies. MONARCH’s
focus on Biodiversity Action Plan (BAP) species
helped highlight many of these limitations. The key
caveats that should be borne in mind when
interpreting the maps in Chapter 3 are explored
below.

2.2 Key caveats
It has been assumed that climate is the dominant
factor responsible for the current species
distributions used to train the model. Other factors
that may have influenced whether or not a species
became established at a given location are not
considered, such as geology or land cover.

The observed distribution of some species is less
than the simulated current suitable climate space.
Loss of climate space may not be as important for
such species as for others whose distribution and
current simulation are a good match. However, an
actual distribution being less than the current
suitable climate space may be indicative of the
importance of geology or land cover. They may be
unsuitable for the species, preventing it from
occupying all potentially suitable climate space, or
past land management may have reduced its range
compared to its climatic potential. For a few
species, their distribution is greater than the
simulated current suitable climate space. This is
difficult to explain but could be because inputs to
the model do not capture aspects of climate critical
to the species in Britain and Ireland. Alternatively,
different ecotypes could be involved.
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It has been assumed that current species
distributions are in equilibrium with the climate.
The project used baseline climate data from 1961-
1990, a period of changing climate, but there may
be a substantial time lag for species to adjust and
occupy new suitable climate space.

Superimposing the observed distribution on the
potentially suitable climate space enables the
projective accuracy of the model to be assessed.
However, it assumes that the species distribution is
in equilibrium with current climate and that species
records reflect suitable climate space for the period
of the baseline data. This may not be the case for
some species where records have been collected
over a long period. The results show that the match
is very good for some species, while for other, often
rarer, species the model over-simulates potentially
suitable climate space (Figure 2.1).

The maps have only been produced for specific
UKCIP02 climate change scenarios. There are
other potential scenarios based on different
climate models. As such the maps do not illustrate
the full range of uncertainty. The 2020s and 2050s
scenarios were also generated in a way that
assumes that the pattern of climate change
between the current baseline and the 2080s will
remain the same.

Uncertainties in future greenhouse gas emissions
and climate modelling (Nakicenovic & Swart, 2000;
IPCC, 2001) have implications for the projections of
suitable climate space from the SPECIES model.
While the UKCIP02 climate change scenarios
capture a range of emissions uncertainties, they are
only based on a single climate model, HadRM3.

An uncertainty assessment was undertaken with 28
climate change scenarios from different climate
models used widely in international research
programmes (HadCM3, CSIRO2, CGCM2 and PCM)
and emissions scenarios for the 2050s and 2080s.
Each was applied to six BAP species chosen to
represent different taxa and possible responses to
climate change.

There were large differences in impacts between
different climate models and emissions scenarios.
Uncertainties due to natural climate variability were
significantly smaller indicating that most of the
change is human in origin. Uncertainties in the
2080s are generally greater than in the 2050s, as
might be expected.
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Figure 2.1. Centaurea cyanus (cornflower) below
and Limoniscus violaceus (violet click beetle)
foot of page.

Current distribution
(source: NBN)

Simulated current
suitable climate space

Current distribution
(source: NBN)

Simulated current
suitable climate space



For most species, the PCM model combined with the B1 (low) emissions scenario projected the least losses
or gains in potentially suitable climate space (Figure 2.2). The CSIRO2, HadCM3 or HadRM3 (UKCIP02)
models combined with the A1FI emissions scenario projected the greatest impacts (Figure 2.3).

Responses to the different climate models were species dependent. Results for some species only differed
in the severity of expansion or contraction of potentially suitable climate space; others differed in both the
severity and pattern of response (Figure 2.4).
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Figure 2.2. An example of a species (Lysandra
bellargus, Adonis blue) where the PCMmodel
combined with the 2080 B1 (low) emissions
scenario projected the least losses or gains in
potentially suitable climate space

Figure 2.3. An example of a species, (Lysandra
bellargus, Adonis blue) where the CSIRO2
global climate model combined with the A1FI
emissions scenario projected the greatest
impacts

Figure 2.4 (right). Maps of potentially
suitable climate space for Calluna
vulgaris, heather, (right) and Epipactis
palustris, marsh helleborine, (below
right) using the PCM, as compared to
other models.



The UKCIP02 scenarios generally produced the
most severe impacts for southern and eastern
England. Other climate models produced greater
impacts for Scotland, Ireland and Wales under
various scenarios.

When the 120 BAP species were modelled, using
the UKCIP02 scenarios, several showed a potential

loss of suitable climate space in eastern England,
such as pool frog (Rana lessonae) (Figure 2.5).
When the six BAP species were modelled, using
other climate models, it was found to be primarily a
characteristic of the HadRM3 model, which is used
to produce the UKCIP02 scenarios. This illustrates
the need to include outputs from several climate
models, where possible.
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Figure 2.5. The loss of potentially suitable climate space in eastern England for Rana lessonae
(pool frog)

a) Observed distribution
(NBN)

b) UK simulated current
distribution

d) Simulated potentially
suitable climate space for
the High 2050s

e) Simulated potentially
suitable climate space for
the Low 2080s

f) Simulated potentially
suitable climate space for
the High 2080s

c) Simulated potentially
suitable climate space for
the High 2020s



The project relies on a single method to fit species
distributions to climate variables, so uncertainties
relating to the determination of future climate
space are significant.

The SPECIES model is based solely on the
application of Artificial Neural Networks (ANNs),
which offer a number of distinct advantages over
more conventional statistical techniques, as they:

• are not restricted to using continuous data (e.g.
climatic variables) but can also incorporate
categorical data (e.g. soil type or dominant land-
cover class) to make suitability projections;

• neither make assumptions about the
distribution of input data (e.g. that they are
normally distributed) nor fit data to pre-
specified functional response curves;

• approximate arbitrary functions to any desired
degree of accuracy, making them better able to
determine highly eccentric or nonlinear
responses to environmental variables. This
makes them especially apt for modelling patchy
or sparse distributions; and

• are fairly robust to noisy data containing
spurious false presences or absences that may
bias other types of models.

On the downside, ANNs have a number of
shortcomings:

• unlike standard statistical models, in which the
relative influence of each input variable can be
simply and intuitively compared, it is difficult to
assess the explanatory power of different input
variables. Hence ANNs are sometimes labelled
as ‘black boxes’;

• considerable time is required to fully train
ANNs;

• the number of hidden layers and units
employed, which in this study was subjective;

• very different results are produced from a finite
number of training runs on the same training
dataset;

• more hidden units and layers generally lead to
over-fitting of the training data and, in turn,
greater spatial variability among model
projections; and

• adding more hidden units and layers involves a
balancing act between decreasing validation
error and increasing spatial variance in the

forward projections. MONARCH results
demonstrate that decreasing the number of
hidden units can greatly reduce spatial variance
while only marginally increasing validation error.

Advantages and disadvantages of ANNs for
characterising species distributions are discussed
in detail by Hilbert & Ostendorf (2001) and Pearson
et al. (2002).

Each projection is an ensemble forecast of 10
model runs. This number was chosen because it is
frequently used in the literature and, on visual
inspection, the spatial variability between runs
seemed to have reduced sufficiently by this point.
While the method reduces variation in simulated
changes in climate space arising from the model,
it does not improve the accuracy of the projected
changes, which cannot be tested.

It has been suggested that implementing and
applying a suite of modelling approaches in consort
with ANNs to form a multi-model ensemble forecast
would increase rigour (Araújo et al., 2005b). For
example, this might include Generalised Linear
Models (GLMs) and Generalised Additive Models
(GAMs) that use conventional statistics to create
associations between species distribution and
climate data. However, this could simply increase
the overall uncertainty of the climate space
projections by including potentially inferior sub-
models (McNees, 1992). Various studies comparing
different climate space models generally show
ANNs project more accurately than GLMs and GAMs
(Thuiller, 2003; Araújo et al., 2005a), although they
suggest that ANNs may be more prone to over-
fitting.
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MONARCH projections from multiple ANNs were
combined to try to reduce spatial variance and
improve accuracy. Aggregate k-fold cross validation
was employed. An inherent problem with this
process is that there is no a priori ‘best’ value for k.
It depends primarily on the individual species-
scenario combination (Figure 2.6).

Theoretically, it could be possible to fine-tune a
different value of k for each species, but reaching a
set level of spatial variance could require an
inordinate amount of computational time.
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Figure 2.6. Comparison of three different SPECIES projections without k-fold cross validation for
Boloria euphrosyne, pearl-bordered fritillary for the UKCIP 2080s High scenario (above) and
with k-fold cross validation (below).



The model assumes that the European
distributions of species encompass their entire
climate space. Where species occur beyond this
range, it may have an impact on the accuracy of
projections.

Species whose ranges extend beyond Europe may
be suited to climatic conditions outside of those
used to train the ANN. Projections may, therefore,
underestimate potentially suitable future climate
space. However, the range of projections of future
climate for Britain and Ireland up to the 2080s is
encompassed by the European baseline dataset.

The extent to which climate space will reflect
future distribution is speculative. For many
species, other abiotic factors, species interactions
and individual species characteristics, such as
their habitat requirements, dispersal ability and
phenological response, are likely to have a strong
influence on future distribution patterns.

Species distributions at finer resolutions than 50km
may be increasingly affected by factors other than
climate. Coudon et al. (2006), for example, have
shown how the current distribution of field maple
(Acer campestre) in France is best modelled by
including soil variables, in particular pH. By not
taking account of factors that can influence the
distribution of a species, like habitat availability
and dispersal ability, climate space models give an
essentially optimistic picture. For a review of these
other factors see Pearson and Dawson (2003) and
discussion in Berry et al. (2005), which suggested
that many species might be dispersal-limited.

Habitat availability and land cover masks
SPECIES only models potentially suitable climate
space. It does not explicitly include habitat
availability, except through land cover masking.
This only shows the presence of land cover that
may provide suitable habitat. It does not indicate
the amount or configuration of the habitat(s) within
the grid square and thus its suitability for
maintaining metapopulations or for facilitating
dispersal. Many species are associated with either
a number of land cover types and/or widespread
ones and, as a result, land cover masking did not
refine their potentially suitable climate space.

The use of land cover masks, based on Land Cover
Map 2000 (LCM2000) and Corine, assumes that
they provide an accurate summary of land cover
type availability. However, there are serious
problems with LCM2000 of poor discrimination and
mis-matching for certain classes (Berry et al.,
2005b). Land cover masking also assumes that the
species have been associated with the correct land
cover type. A spreadsheet of associations was
compiled from Simonson and Thomas (1999) but
there was some inconsistency across species. For
example, only one primary habitat association was
identified for some species, especially those from
less well-known taxa (e.g. violet click beetle
Limoniscus violaceous), while others had several
primary, secondary or less important habitat
associations identified (e.g. Barbastelle bat,
Barbastella barbastellus, had 17 such associations).
It was not possible to exclude just primary
associations from masking, as not all species had
such a link. However, if all suitable land cover types
had been taken into account, in most cases, land
cover masks would not have refined the climate
space.
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Dispersal ability
Species dispersal ability is a key factor determining
the fate of biodiversity in a changing environment
but it is not explicitly considered in climate space
models, although it was explored in the second
phase of MONARCH. In order for a species to track
changes in suitable climate space it must be able to
move across the landscape. Clearly, some species
are more mobile than others. The capacity of many
species to disperse is severely constrained by
habitat fragmentation.

The failure of climate space models to account
adequately for species dispersal ability presents an
important limitation that may lead to over-
optimistic projections about the sizes of potential
species ranges. Dealing with this requires detailed
knowledge of a species ability to migrate through a
dynamic and heterogeneous landscape while the
climate is changing. This type of information,
however, is lacking for most species and
landscapes, which severely limits widespread use
of coupled landscape change and species dispersal
models.

There is strong evidence to suggest that the rapid
migration of plant species over large distances may
be determined primarily by rare and chance
dispersal events (Clark et al., 1998). This is
supported not only by the palaeoecological records
but also by more recent observations of island
colonisation and the spread of invasive species
(Huntley et al., 1989; Prentice & Solomon, 1991;
Higgins & Richardson, 1999; Cain et al., 2000).
Consequently, climate space projections at a 50km
resolution may be realistic for some species.

Impact of species interactions on species’
distribution
Currently there are few models capable of
examining species’ interactions, such as mutualism,
predation and competition, in an ecosystem
context. MONARCH modelled individual species
with no subsequent analysis of how habitats and
communities will respond to climate change. The
importance of interactions between species has
been shown to have substantial impacts on
distributions, e.g. at southern range margins
(Woodward, 1987). For example, changes to the
distribution of a single keystone species could have
substantial knock-on impacts for the distributions
of many other species.

It has been argued that applying climate space
models at resolutions where climatic influences on
species distributions can be shown to be dominant
minimises the relative contribution of local species
interactions (Pearson & Dawson, 2003). Models
that have been calibrated and projected using data
at 50km or coarser resolution (Bakkenes et al.,
2002; Midgley et al., 2003; Thuiller, 2003; Thuiller
et al., 2003; Thuiller et al., 2004) generally exhibit
good to very high projective power, suggesting that
this may be the most appropriate for climate space
modelling. While finer resolutions may still show a
species’ potentially suitable climate space, they are
predicated on the assumption that the relationship
between the species and climate has not changed.

Rapid adaptation by species
Projecting species’ adaptive responses to climate
change presents a huge challenge to modellers and
has not been accounted for within MONARCH.
Climate space modelling assumes that rates of
adaptation are slower than extinction rates. This
will not be true for species that are sufficiently
adaptable or experiencing fairly rapid evolutionary
change. Climate space models may be most
applicable to long-lived species and poor
dispersers, as intergenerational selection and/or
selection at expanding range margins are drivers of
evolution (Pearson & Dawson, 2003).
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Whilst climate space may appear to be ‘lost’ at
coarser resolutions, local climatic conditions may
give more time for some species to adapt.

The extent to which heterogeneous landscapes
(e.g. with different slopes, aspects and valley
orientations) mean that a range of local climates
might provide suitable climate space over relatively
short geographical distances was not considered.
Thus changes in suitable climate space and
associated species responses may occur at a much
finer resolution than can be modelled using
available data.

The effects of climatic extremes were not
considered.

Climate models suggest that the frequency and
intensity of extreme weather events, including
floods, droughts, storms and high temperatures,
will increase. While it is generally agreed that
ecological responses may be dramatic following
extreme events, their long-term impact on species,
ecosystem structure and function is poorly
understood. Furthermore, extremes of climate
variability are likely to be major drivers of land use
change and, therefore, policy development in
agriculture, forestry, water management, planning,
and coastal defence sectors. These changes and
policy responses will have substantial indirect
impacts on biodiversity.

Carbon dioxide concentrations, climate systems
and global land use (although not currently in the
UK) are changing at unprecedented rates.
Interacting with heavily modified landscapes, they
may produce responses that have no historical
analogue.

Land cover masks applied in MONARCH assume
that habitat/land cover is static over time, which is
most unlikely. National land cover change scenarios
are not available in the UK or Ireland but their
inclusion elsewhere has been shown to have a
profound impact on climate space models (Audsley
et al., 2005; del Barrio et al., 2006). The fact that
the masks took no account of potential land cover

changes that may result from factors other than
climate (e.g. arable land) may be important
(Thuiller et al., 2004). In addition, even where land
cover remains static, changes in land management
practices may have considerable impacts on
species and their ability to adapt.

Dynamic global vegetation models (DGVMs), which
incorporate first-principles of physiological and
biogeochemical responses to environmental drivers
may enable projection of natural vegetation/habitat
change (Woodward & Beerling, 1997; Cramer et al.,
2001; Sykes et al., 2001). However, they are
complex and would require considerable
development before they could be widely applied to
species and regions (Pearson & Dawson, 2003).

The use of bioeconomic models that simulate crop
growth and farm level decision processes provides
insights into the impact of economics on
agricultural land use patterns and, in turn, on
biodiversity, e.g., the ACCELERATES project (del
Barrio et al., 2006) examined biodiversity and
agricultural sector responses to climate change in
East Anglia. However there is considerable
uncertainty over future land use policies (e.g.
planning, agriculture, forestry, water management,
biomass and biofuels) and whether they will
catalyse change or respond to it. Interactions
between climate change and human population
growth and migration patterns are also likely to
have profound effects on future agricultural and
urban landscapes.
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Available species distribution data at a European
or national level is likely to be incomplete. It can
only be considered to represent the presence of a
species, not its absence.

The species distribution data is a primary input to
the successful application of the SPECIES model
and is fundamental to its success. In order for the
model to train effectively using grid based
presence/absence distribution data, true positives
(species recorded as present and simulated as
present) and true negatives (species recorded as
absent and simulated as absent) need to be
maximised. These depend on recording strategy
and recorder effort. For some of the BAP species,
apparent absence may be a false negative (the
species is actually present but recorded as absent).
For example, records of Arabis glabra (tower
mustard) have increased, as a result of changes in
recorder effort. This may well be the case for other
BAP species but many species and taxa are less
well-recorded across Europe, which could have an
undue influence on model performance. False
positives can also occur. This may be less of a
problem, as it shows that the species could have
occurred there, but has been locally extirpated due
to habitat loss, climate change or some other factor.

The availability of European distribution data was
an issue for a number of taxa. There is an almost
total lack of data for some taxa (e.g. lichens and
moths) or rarer species, whilst for other taxa (e.g.
bees and wasps) data is only available for particular
species for individual countries. For some groups,
such as many of the vascular plants taken from

Meusel (1965; 1978; 1992) and Hulten (1959), their
ranges have been indicated by lines drawn on a
map and it has been assumed that the species is
distributed evenly, thus potentially increasing the
number of false positives.

MONARCH has assumed that distribution data for
common species is reliable. With rarer species,
there was often a mismatch between the European
distribution data and the British and Irish
distribution, supplied by the National Biodiversity
Network or as advised by taxonomic experts. As a
result, the European data were supplemented by
the supposedly more accurate British and Irish
distributions. This raises questions about the
accuracy of data in other European countries,
although some have good national databases for a
wide range of taxa (e.g. Belgium and the
Netherlands) or have databases for specific taxa
(e.g. some invertebrates in Germany). A searchable
database of identified sources of species
distribution data throughout Europe was compiled
as part of MONARCH.

The apparent mismatch between the observed
European distribution and the recorded distribution
in Britain and Ireland meant that, for some species,
no potentially suitable climate space was initially
simulated in Britain. The addition of the observed
distribution in Great Britain into the European
distribution training dataset improved the
simulation (Figure 2.7).
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Figure 2.7. An example of a species, Potamogeton rutilis (Shetland pondweed), where addition of the
observed distribution in Great Britain into the European distribution training dataset improved
simulation of suitable climate space.



For other species, especially those with an eastern
European or confined continental distribution, the
addition of their distribution in Britain made little or
no difference (Figure 2.8). This suggests that some
more extreme mainland European climates are not
represented in Britain and Ireland, currently or
under future scenarios. For these species, Britain
and Ireland represents the western margin of their

distribution and often there is a gap between their
occurrence here and the rest of range. This is likely
to be a real gap, as the intervening countries, such
as Belgium and the Netherlands, are generally well–
recorded. It is possible that the occurrence of such
species in Britain and Ireland is a consequence of a
contracting range margin or of different ecotypes or
some other factor(s) affecting their distribution.
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Figure 2.8. Examples of species where addition of the observed distribution in Great Britain into the
European distribution training dataset did not improve simulation of suitable climate space
Acrocephalus paludicola (aquatic warbler) below, and Najas marina (holly-leaved naiad) foot of page.

a) Observed Euro-
pean distribution,
without Britain and
Ireland distribution

b) Simulated European
potentially suitable
climate space, without
addition of observed
distribution for Britain
and Ireland

c) Observed European
distribution, with
Britain and Ireland
distribution

d) Simulated European
potentially suitable
climate space, with
observed distribution
for Britain and Ireland

a) Observed Euro-
pean distribution,
without Britain and
Ireland distribution

b) Simulated European
potentially suitable
climate space, without
addition of observed
distribution for Britain
and Ireland

c) Observed European
distribution, with
Britain and Ireland
distribution

d) Simulated European
potentially suitable
climate space, with
observed distribution
for Britain and Ireland



The absence of distribution data for all countries
has been partially overcome by Ecological Niche
Factorisation Analysis (ENFA), which enabled more
BAP species to be modelled (Hirzel et al., 2002). It
was used to identify grid squares that were treated
as pseudo-absences by the model.

However, ENFA has its own limitations, as it can
lead to an over-simulation of suitable climate
space, where observations are widespread (Figure
2.9).

The 10 per cent lower cut-off used in constructing
the pseudo-absence pool obtained from the ENFA
analysis was also arbitrary. Although, in principle, it
might be possible to fine-tune this value, it would
require an independent validation dataset
containing both presence and absence points, a tall
order for rarer species. Even then, it would still be
vulnerable to the fundamental problem that, for a
rare or endangered species, absence may not be
due to an unsuitable climate but simply because it
has been locally extirpated. Despite all these
drawbacks, it might be argued that ENFA should
have been applied to all species, given questions
about the reliability of presence/absence data.

2.3 Model validation
In order to validate climate space models, such as
SPECIES, species’ historic distributions and
corresponding climate data are required. Twelve
species were selected for validating the SPECIES
model, according to whether they were expanding,
contracting or showing little range change. Data
from two different periods were used. SPECIES was
trained on the earlier datasets and run forwards to
simulate changes in potentially suitable climate
space. It was also trained on the more recent
datasets and run backwards (hindcasting).

The SPECIES model performed well when run
forwards and simulating an expansion in potentially
suitable climate space for species. It was less
proficient at simulating contractions in climate
space. Hindcasting often led to under-simulation of
potentially suitable climate space relative to the
observed distribution.

Mismatches in model validation may be a function
of the dynamics of species’ range shifts. Species
may be able to hang on for sometime when climate
space becomes unsuitable. There may also be a
substantial time lag before a species occupies new
suitable climate space.
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Figure 2.9. Over-simulation of suitable climate space for Buella
asterella (starry breck lichen) as a result of using ENFA

Observed European
distribution (from various
sources)

Simulated European
distribution



2.4 Conclusions
The complexity of natural systems severely limits
the ability to project future species’ distributions.
Combining the complexities arising from species
interactions, evolutionary change, modelling
approach and data accuracy, along with the
uncertainties evident in projections of future
climate and land cover change, it is apparent that
accurate projections of future potentially suitable
climate space for a species are not currently
possible (Pearson & Dawson, 2003).

The relatively simple SPECIES climate space model
can provide a useful starting point when applied to
suitable species and at an appropriate spatial
resolution. The importance of the MONARCH results
should not be underestimated. One simply needs to
bear in mind that the model projections only
represent approximations of the potential impacts
of climate change, rather than accurate simulations
of future species distributions.
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FRONT COVER
PHOTOGRAPHS:
Clockwise from top left –
Machair at Traigh Hornais,
North Uist, Western Isles
(Lorne Gill/Scottish Natural
Heritage); oblong woodsia
(Barbara Jones); Llyn Idwal,
Snowdonia (Jonathan
Rothwell/Countryside Council
for Wales); linnet (Mike
Hammett/Natural England);
Glen Finglas, Brig o’Turk,
Highland (WTPL/Niall
Benvie); black grouse (Mike
Hammett/Natural England); a
small lough at Drumlamph
Wood, near Maghera, Co
Londonderry (WTPL/Steven
Kind); pearl-bordered
fritillary butterfly (Mike
Hammett/Natural England);
lowland heath at Hartland
Moor, Dorset (Peter
Wakely/Natural England);
floating water plantain
(www.hlasek.com).
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