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Executive Summary

Introduction to the MONARCH project

MONARCH (Modelling Natural Resource Responses To Climate Change) is a phased

investigation into the impacts of climate change on the nature conservation resources of

Britain and Ireland. It is an important step towards understanding the complex interactions

between climate change, species and habitats. The first phase of MONARCH developed a

model, SPECIES, that projects areas of potential suitable climate space for species at a 10km

resolution, and provides a guide to the possible future distribution of a species within Britain

and Ireland.

MONARCH 2 sought to develop this approach at the local and regional scale, downscaling

the model to a 1km resolution within areas of up to 2500 square kms. The original SPECIES

climate-space model was expanded to consider the role of land cover in influencing species’

distributions, the ability of species to disperse in response to climatic and land cover changes,

and also the potential effect of these responses on the structure and function of ecosystems.

This downscaled and expanded methodology was tested within case study areas chosen for

their sensitivity to climate change, importance for nature conservation, geographical spread

across Britain and Ireland and data availability.  The four case study areas selected were

Hampshire, Central Highlands, Snowdonia and a cross-border area around Cuilcagh/Pettigo in

Ireland.

In MONARCH 3, the SPECIES model was automated, so that the potential impacts of climate

change on a greater number of species could be assessed. It was also refined to include

ensemble forecasting to reduce within model uncertainty and Ecological Niche Factorization

Analysis, so that presence-only species data could be used. The model was applied to 120

BAP species across Britain and Ireland at the 5km resolution. Strongly prefer: Subsequently,

owing to climate envelope approach not including many factors, such as aspect and habitat
availability, that may determine suitable space at this scale, 34 species were remodelled at the

50km resolution. The model also was validated by hindcasting, using historical species’

distribution data. The role of climate uncertainty was also investigated by applying 28 climate

change scenarios to six species to explore uncertainties from three sources: future greenhouse

gas emissions, imperfect understanding of climate science and modelling, and natural climate

variability.

MONARCH 3

The aims of MONARCH 3 were:

• To automate the ‘SPECIES’ modelling process;

• To apply the MONARCH methodology to 120 species with Species Action Plans

across Britain and Ireland;

• To validate the ‘SPECIES’ model through hindcasting;

• To quantify uncertainties due to projections of future climate.

Automation of the SPECIES modelling process

The automated SPECIES (Spatial Estimator of the Climate Impacts on the Envelopes of

Species) programme provides an integrated modelling and assessment tool for characterising

the bioclimatic envelopes of species. Compared to the original manual process model used in

the MONARCH 1 and 2 projects, the automated SPECIES programme has greatly reduced



the time and difficulty of generating and analysing model projections and provides a user-

friendly, graphical interface.

In MONARCH 3, the SPECIES model has undergone two major methodological changes:

1. Projections are now made based on ensemble forecasting, instead of using only a

single optimised Artificial Neural Network (ANN). An ensemble forecast is formed

in SPECIES by constructing and training multiple ANNs and then aggregating their

outputs in order to generate a final composite projection. This produces results that

are more statistically accurate in terms of reduced model error and, more importantly,

it shows less spatial variability in terms of potential suitable climate space between

different model runs.

2. Ecological Niche Factorization Analysis (ENFA), which only requires a set of known

presence data in order to generate habitat suitability surfaces, has been incorporated.

Areas with low ENFA suitability are then randomly selected and treated as pseudo-

absence points to train a full working ANN model. For the current study, the ENFA

procedures have allowed the modelling of an additional 17 species that otherwise

could not have been performed using the original SPECIES model.

Application of the MONARCH methodology to 120 BAP species in Britain and

Ireland

Climate change is likely to be a significant driver of future environmental change with

important impacts on biodiversity and conservation. Currently it is only identified as a threat

in 52 of the 592 UK Species Action Plans, so the MONARCH methodology was applied to

those BAP species (excluding marine) for which European distribution data was available. In

total 120 BAP species were each modelled under six UKCIP02 climate change scenarios

covering the 2020s, 2050s and 2080s.

The changes in potential suitable climate space for the species showed:

1. Many species, especially those with a southern distribution, could experience large

gains. There are also a number, mostly in the north of Great Britain, which may have

little new climate space.

2. The overlap between current potential suitable climate space and that in the future is

important as it represents areas where the species may be able to remain. Again,

there is a variable picture, depending on the species’ experience of gains and losses

in climate space.

3. Losses in potential suitable climate space were much greater under the climate

change scenarios for the 2080s and, to a lesser extent, the 2050s High scenario.

4. The application of land cover masks to screen out areas of unsuitable habitat

generally produced little change in the potential suitable space for species, except

where species were associated with only one or two restricted habitat types.

5. Projections at the 5 km resolution do not match the resolution of model training (50

km) and also do not take into account factors possibly important in affecting species’

distributions at this resolution, such as aspect, dispersal and biotic interactions, and

so results were presented at the 50 km resolution.

The climate potential suitability maps and results need to be carefully interpreted. The ability

to occupy new potential suitable climate space will depend, amongst other factors, on the

availability of suitable habitat and the species’ dispersal ability. As such potential suitable

climate space represents the species’ fundamental niche and shows a greater suitable potential

area than the species will occupy in the future.



Validation of the SPECIES model through hindcasting

In order to validate bioclimate envelope models, such as SPECIES, historical data relating to

changing distributions and past climate are required. Twelve species were selected for

validating the SPECIES model, according to whether they were expanding, contracting or

showing little range change. Historical distribution data from two different recording periods

were used and SPECIES was trained on the earlier observed dataset and corresponding

climate and run forwards to simulate changes in potential suitable climate space, and also

trained on the more recent datasets and run backwards (hindcasting).

The model validation showed:

1. The SPECIES model performed well when given climate and observed data from the

same historic time period and run forward to the present, simulating an expansion in

potential suitable climate space for species which had expanded their range over the

same period.

2. It was less proficient at simulating changes in climate space for contracting species.

3. The hindcasting often led to undersimulation of potential suitable climate space

relative to the observed distribution, which is more difficult to explain.

The SPECIES model generally validates very well when tested against observed distributions,

especially when climate data for the appropriate recording period is used and mismatches may

be a function of the dynamics of species’ range shifts.

Quantification of uncertainties due to projections of future climate

Uncertainty is inherent in any form of modelling and can come from many sources. Climate

uncertainty, due to imperfect knowledge of future greenhouse gas emissions and climate

modelling, has clear implications for the projections of impacts from the SPECIES model.

The application of 28 climate change scenarios from different climate models and emissions

scenarios for the 2050s and 2080s to six species, chosen to represent different taxa and

possible responses to climate change, showed:

1. Large differences in impacts between different climate models and emissions

scenarios, whilst uncertainties due to natural climate variability were significantly

smaller indicating that most of the change is human in origin.

2. Uncertainties in the 2080s are generally greater than in the 2050s, as might be

expected.

3. For most species, the PCM model combined with the B1 (low) emissions scenario

projected the least losses or gains in potential suitable climate space, whilst either the

CSIRO2, HadCM3 or HadRM3 (UKCIP02) models combined with the A1FI

emissions scenario projected the greatest impacts.

4. Responses to the different climate models were species dependent, in that results for

some species only differed in the severity of the response (expansion or contraction),

whereas others differed in both the severity and pattern of response.

5. The UKCIP02 scenarios generally produced the most severe impacts for southern and

eastern England, but other climate models produced greater impacts for Scotland,

Ireland and Wales under various scenarios.

The uncertainty assessment highlights the importance of quantifying the range of projections

from a variety of climate models and emissions scenarios to scope uncertainty and provide

additional information for planning adaptive responses.



Key assumptions and limitations

It is reiterated that the outputs represent potential suitable climate space without any

assessment of the capacity of a species to occupy the space. The modelling does not include

the availability of suitable habitat nor indicate the ability of species to disperse into their

potential suitable climate space. Moreover, it is assumed that:

• The current European distribution used for model training is in equilibrium with the

climate and that this relationship occurs in the future.

• Climate is the dominant factor affecting a species’ distribution at any given

resolution.

It is important to note that:
• Data availability, especially for less well studied species, continues to be an issue

which limits the application of the MONARCH methodology.

• Inconsistencies between European and national species’ distribution data raises

questions about the reliability of such data.

Conclusions

MONARCH has advanced the science and understanding of the potential impacts of climate

change on biodiversity. The developments of the SPECIES model mean that it is now at the

forefront of bioclimate envelope models. MONARCH 3 has continued to investigate the

limits of bioclimatic envelope modelling and has explored the limitations posed by data

availability and reliability.  It has identified that many BAP species may need to respond to

considerable changes in the location of their potential suitable climate space and thus

highlights that nature conservation should take broad actions to increase the resilience of

habitats and the ability of species to move across landscapes.
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1 Introduction and project aims

P.M BERRY, J.R. O’HANLEY, C.L. THOMSON and G.J. MASTERS

1.1 Introduction

Over the last seven years the MONARCH project has carried out a phased programme of

research that has explored the potential impacts of climate change on the natural resources of

Britain and Ireland. In Phase 1, the climate of Britain and Ireland was classified into 21

bioclimatic classes, which were characterised by their geomorphological and conservation

interest (Harrison et al., 2001). A model, SPECIES, was developed to investigate changes in

the bioclimate envelope of 50 species, associated with 12 habitats of conservation concern.

Six landscape types, affected by geomorphological processes were selected for further study,

with karst being chosen to represent a sensitive terrestrial habitat. For the coast, conceptual

models were devised to explore the potential impacts of climate change on five coastal

habitats birds and two estuaries were selected for the detailed modelling of impacts on wading

birds.

In MONARCH 2 (Berry et al., 2005), a baseline 10km bioclimatic classification using the

UKCIP98 climate scenarios was created in a similar manner to MONARCH 1, then it was

manipulated, using the 2050s High scenario data, to highlight areas of Britain and Ireland that

show the greatest bioclimatic sensitivity to climate change. MONARCH 2 also sought to

develop the bioclimate envelope modelling framework for application at a finer resolution

than the 10 km resolution of MONARCH 1, by combining base outputs with land cover, and

by incorporating a dispersal model to examine the ability of species to track changes in their

potential suitable climate space. Conceptual models of ecosystem functioning also were

developed to complement the climate envelope projections.  This methodology was tested on

four case study areas, selected for their sensitivity to climate change, their importance for

nature conservation and the availability of suitable data.  The case study sites were

Hampshire, the Central Highlands of Scotland, Snowdonia and an area around Cuilcagh and

Pettigo on the border between Northern Ireland and the Republic of Ireland. These case study

sites indicated that in reducing the scale of application of models for considering the potential

effects of climate change on natural resources from an international or national level to a

landscape scale of under 2500km
2
, there are both data and modelling constraints that have yet

to be overcome.  This led to the development and implementation of Phase 3, the application

of the revised MONARCH approach.

This final phase, as explained in Chapter 2, has automated the SPECIES model, so that it can

be readily applied to a greater number of species, for which European distributions are

available. A modified version has been developed to use presence only data for those species

for which European distribution data only contains a limited sample of known presence

records but no definitive list of absence points. The model has been applied to 120 terrestrial

Biodiversity Action Plan species, in order to investigate whether climate change represents a

potential threat (Chapter 3). The model has also been validated by hindcasting, which

involves testing its performance in simulating suitable climate space against historical

species’ distribution data (Chapter 4). There are many sources of uncertainty bioclimate

envelope modelling and, in MONARCH 3, those resulting from projections of future climate

have been assessed (Chapter 5).



1.2 Overview of MONARCH 3

An important development in MONARCH 3 has been the revision and automation of the

SPECIES model, such that, subject to the availability of European species distribution data,

batch model runs for multiple species can be executed in a fraction of the time compared to

the methodology used in MONARCH 1 and 2. In addition, an ensemble forecasting procedure

has been introduced to capture some of the uncertainty associated with model training and

projection by performing multiple runs on each individual species and then aggregating these

together to form a composite projection. Lastly, a pseudo-absence generation procedure,

based on Ecological Niche Factorisation Analysis (ENFA), was introduced to deal with those

species for which only limited data were available across Europe (Chapter 2). The display of

the potential suitable climate space maps has also been altered to highlight areas where

species could lose or gain suitable climate space and where there is overlap between their

current and future simulated climate space. In addition, probability surfaces of climate

suitability have also been produced to show the full range of possible climate suitability

across Britain and Ireland.

The model has been run for 120 Biodiversity Action Plan (BAP) species in order to ascertain

their sensitivity to climate change and the need for climate change to be considered as a threat

in the Species Action Plan (SAP). Thus, if all of the caveats are acknowledged and it is

recognised that the model only informs on suitable bioclimatic space and does not represent

the actual or projected realised distribution of a species, then the model can be used to inform

conservation policy.

An essential part of any modelling procedure is model validation. In order to undertake this

for the SPECIES model, hindcasting, using historical climate and distribution data for 12

species, was undertaken to independently validate it. The model was trained on data for past

periods and then run forward to the present and vice versa by training on current data to run

backwards into the past. The resulting match between the simulated potential suitable climate

space and observed distributions provided an independent assessment of the model’s

projective accuracy. The results showed that the SPECIES has overall good projective ability,

but caution should be sounded given that although this may be true of the past, this does not

necessarily provide assurance about its performance under future scenarios (Araújo et al.

2005).

An important element in dealing with the future is uncertainty. This can come from a number

of sources and has not been dealt with in previous phases of the project. In MONARCH 3, the

uncertainty resulting from the projections of future climate have been explored. This analysis

has shown that this type of uncertainty can be very large and needs to be taken into account

when presenting model outputs and when considering their possible application to

conservation.

All these developments have enhanced the contribution of MONARCH to the understanding

of the possible impacts of climate change on species and habitats and illustrated an element of

uncertainty associated with model results, which needs to be incorporated into conservation

policy and management.

1.3 Aims

The aims of MONARCH 3 were to:

• automate the ‘SPECIES’ modelling process;

• apply the MONARCH methodology to a selection of BAP species in Britain and

Ireland;
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• validate the ‘SPECIES’ model through hindcasting;

• assess and, where possible, quantify the uncertainty involved in the modelling

process.

1.4 Project partners

1.4.1 Research Team
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Dyson Perrins Building

South Parks Road
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OX1 3QY
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Dr Jesse O’Hanley
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Natalie Butt

CABI Bioscience

Bakeham Lane

Egham

Surrey

TW20 9TY

Dr Greg Masters

Nicola Ward

1.4.2 Funders

Organisation Steering Group Members

English Nature (lead) Roger Catchpole, Mike Harley (Chair)

Countryside Council for Wales Simon Bareham, Clive Walmsley

Department for Environment, Food and Rural Affairs Zanete Andersone-Lilley, David Webb

Environment Agency Harriet Orr

Environment and Heritage Service Howard Platt, Georgina Thurgate

Forestry Commission Sallie Baillie, Steve Gregory

Joint Nature Conservation Committee Wyn Jones

National Parks and Wildlife Service (Republic of

Ireland) Catriona Douglas

National Trust John  Harvey

Royal Society for the Protection of Birds Olly Watts

Scottish Executive Joanna Drewitt

Scottish Natural Heritage Noranne Ellis, Martin Gaywood

UK Climate Impacts Programme Chris West

Welsh Assembly Alison Mellor, Harvard Prosser

Woodland Trust Richard Smithers

The Research Team are grateful to these organisations for their financial support and would

particularly like to thank the Steering Group members for their intellectual input and practical

support.
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2 Automation of the SPECIES model

J.R. O’HANLEY

2.1 Summary

The automated SPECIES (Spatial Estimator of the Climate Impacts on the Envelopes of Species)

programme provides an integrated modelling and assessment tool for characterising the bioclimatic

envelopes of species. Bioclimatic envelopes, which delineate areas that may be potentially suitable for a

species in terms of climate, are modelled in SPECIES using artificial neural networks (ANN). Having

constructed and trained ANNs for each individual species, the SPECIES model can subsequently be used

to project potential areas of suitable climate space in either the past or under different future climate

change scenarios.

Compared to the original manual process model used in the MONARCH 1 and 2, the automated

SPECIES programme has greatly reduced the time and difficulty of generating and analysing model

projections by combining procedures for pre-processing input data, constructing and training ANN

models, performing statistical analyses of model outputs, and visualising model results as maps, all within

a friendly, graphical user-interface. Key outputs of the SPECIES model include maps of simulated

climate suitability surfaces and simulated potential suitable/unsuitable climate space, data files of all

model outputs for further analysis or manipulation inside a GIS, statistics for evaluating the models’

predictive accuracy, and trained network definition files for making additional bioclimatic envelope

projections to new areas or time periods.

Since its original inception, the SPECIES model has undergone two major methodological changes.

Firstly, instead of using only a single optimised ANN, bioclimatic envelope projections are now made

using a much more sophisticated approach based on ensemble forecasting. An ensemble forecast is

formed in SPECIES by constructing and training multiple ANNs and then aggregating their outputs in

order to generate a final composite projection. Two key advantages of this ensemble model approach are

that it produces results that are more statistically accurate in terms of reduced model error and, more

importantly, it shows less spatial variability in terms of potential suitable climate space between different

model runs.

Secondly, an additional procedure has been incorporated for modelling “presence-only” datasets, i.e.,

datasets containing a set of points with observed species presences but no absence points. Presence-only

datasets are especially common among rare and endangered species. The procedure works by first

performing a simple Ecological Niche Factorization Analysis (ENFA), which only requires a set of

known presence data in order to generate habitat suitability surfaces. Areas with low ENFA suitability are

then randomly selected and treated as pseudo-absences points to train a full working ANN model.

2.2 Overview of the SPECIES model

It is widely understood that climate exerts a strong control on species distributions, especially at macro-

scales typified by broad spatial extents and coarse data resolutions, i.e., national and continental scales.

The most common method for trying to assess the effects of current, future or historical climate on

biodiversity patterns relies on the use of correlative statistical models known as bioclimatic envelope

models. Bioclimatic envelopes encompass the wide set of areas which may be potentially suitable for a

species in terms of climate. Such models attempt to project the potential occurrence of species across

some area of interest based on inferred correlations between a small set of bioclimatic variables, i.e.,



climatic variables which are perceived to be biologically important in determining distribution patterns,

and species incidence (both presence and absence) at a set of observation points.

Figure 2.1: Schematic of the SPECIES model (taken from Pearson et al., 2002)

The SPECIES model, which was also used in the MONARCH 1 and 2 projects (Harrison et al., 2001;

Berry et al., 2005), characterises bioclimatic envelopes using an artificial neural network (ANN). ANNs

are computational structures, inspired by the structure and operation of the central nervous system, that

have the ability to ‘learn’ underlying patterns between input (bioclimatic variables) and output (species

presence/absence) data.  The use of ANNs for simulating climatic envelopes offers a number of distinct

advantages over more conventional statistical techniques, like generalised linear and additive models

(GLM and GAM), and simple habitat suitability scoring procedures like Ecological Niche Factorization

Analysis (described in more detail in section 2.3). First, unlike the aforementioned approaches, ANNs are

not restricted to using continuous data as input, but can instead incorporate categorical data like soil type

or dominant land-cover class to make suitability projections. This makes them a more flexible tool for

dealing with a broad set of data types. Second, and perhaps more importantly, ANNs make no assumption

about the distribution of input data, e.g., that they are normally distributed, nor do they try to fit data to

pre-specified functional response curves as in the case of regression models. In contrast, ANNs can

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, i.e., where unusual combinations of environmental factors

interact to make a habitat suitable or unsuitable for a given species. Lastly, ANNs are fairly robust to

noisy data containing spurious false presences or absences that often tend to bias other types of models

(Dawson et al., 1998).

On the downside, ANNs have sometimes been labelled as “black boxes” because of the difficultly in

assessing the explanatory power of different input variables. Unlike standard statistical models, in which

factor loadings provide a simple and intuitive measure for comparing the relative influence of each input

variable in the prediction process, methods for estimating variable importance in an ANN are rather more

varied and ad hoc. Recent work by Gevrey et al. (2003) and Olden et al. (2004) comparing some of the

most common approaches, however, has shown that certain methods, in particular the Connection Weight

Approach (Olden and Jackson, 2002), are justifiably preferable to others based on their consistently better

performance. Thus, although research on the topic of standardized approaches for assessing variable



importance in ANNs is still ongoing, this does not, in of itself, pose any significant limitation to the

application of ANNs in bioclimatic envelope modelling given the current availability of highly robust

approaches.

A schematic of the various steps performed by the SPECIES model is presented in Figure 2.1. A much

fuller description is given in Pearson et al. (2002). Pre-processing of climatology data (temperature,

rainfall, solar radiation and wind speed) and soils data (AWC) is carried out using a number of integrated

algorithms to derive relevant bioclimatic variables for input into the ANN. Data on climatology and soils

at a 0.5
o

0.5
o
 latitude by longitude resolution were obtained from Hulme et al. (1995) and Groenendijk

(1989), respectively. Based on ecological understanding of different species requirements and preliminary

tests showing generally good model performance (Berry et al., 2003; Harrison et al., 2003), SPECIES

currently employs the bioclimatic variables shown in Table 2.1 to model the bioclimatic envelopes of

birds and other taxa. To improve performance, these variables, which can vary by several orders of

magnitude, are first normalised to the range 0 to 1 using the minimum and maximum values for Europe

(Tarassenko, 1998) before proceeding with model training.

Table 2.1: Bioclimatic input variables used by SPECIES for modelling birds and other taxa (taken from

Harrison et al., 2001).

Birds All 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 to July) Annual maximum temperature

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

Mean winter precipitation (Dec., Jan., Feb.) Accumulated annual soil water surplus

Mean summer water availability (May to July)

For modelling of listed Biodiversity Action Plan (BAP) species, ANNs have been trained and tested using

empirical data on European species distributions obtained from a wide variety of sources (see appendix to

Chapter 3 for a list of specific sources) mapped onto the same 0.5° latitude by longitude grid of

bioclimatic variables. Use of these wide area, low resolution datasets enables an extensive exploration of

a species’ potentially suitable climate space within Europe, thereby minimising the risk of extrapolating

outside the model’s training range when applied to alternative future or past climate scenarios. Although

some species have ranges that extend outside Europe, the breadth of geographic coverage, which covers

North Africa, is sufficient to encompass all or nearly all of the climatic gradients wherein the examined

set of BAP species are normally to be found and the climates that may be experienced in Britain and

Ireland in the future. Prior to training, species distributions can also be smoothed using a kriging

interpolation procedure. Kriging is a standard regression technique used in geostatistics to approximate or

interpolate values across a surface based on a weighted combination of observed data points. Instead of

simply weighting nearby points via some power of inverse distance, kriging seeks to minimise the error of

predicted values by relying on the spatial correlations inherent within the data in order to determine an

optimal combination of weights. Smoothing of distributions through kriging was found in MONARCH 1

and 2 to improve model performance, usually for species with large, uniform (non patchy) distributions,

by reducing the contrast at range margins between areas of recorded presence and recorded absence with

similar climatic conditions. For small or patchy distributions, like those of many BAP species, however,

kriging can significantly degrade model performance by causing a substantial reduction in the magnitude

of presence at recorded presence points. As such, distributional smoothing was not performed for any of

the BAP species.



ANNs in SPECIES have been constructed as fully connected, feed-forward networks with sigmoid

transfer functions containing a single hidden layer and initialised with random weights between -1 and 1.

In previous versions of SPECIES, ANNs were formed using 11 hidden units. As described in greater

detail below and in the next section, this number was found to result in unstable forward projections and

thus reduced to 5 in order to improve convergence to a global error minimising solution. Network

learning employed an ordinary backpropagation algorithm with rate parameter 0.2. Network architecture

and parameter values were chosen based on preliminary testing showing these as giving the best relative

performance.

Following various standard procedures in the literature (Breiman 1996; Thuiller, 2003; Engler et al. 2004;

Araújo et al., 2005a), ANNs were calibrated and tested using a data-splitting based cross-validation

procedure. This was accomplished by first randomly subdividing the full European dataset, formed by

pairings of the observed bioclimatic variables and species presence values, into a candidate training pool

(70%) and a candidate validation pool (30%). Note that each candidate pool was constructed so that each

contained the same presence-to-absence ratio as seen in the full dataset, thus eliminating any

representational bias in the datasets between presence and absence points. Next, operational training and

validation sets, each of the same size as the full dataset and containing equal numbers of presence and

absence points, were constructed by taking bootstrap replicates (sampling with replacement) from each of

the candidate pools, respectively. Bootstrapping was performed to ensure that the datasets would have a

50/50 prevalence between presence and absence points, thereby reducing any sensitivity bias in the

trained models towards projections of overly high or low suitability values.

Calibration or training, during which the weights of the ANN are iteratively updated, was performed on

the operational training dataset, while the operational validation set was used to independently test the

predictive accuracy of the final calibrated model. The validation set, which was never used directly during

training to update the network weights, 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 effectively replicate the

training data, i.e., with a highly eccentric response curve, instead of trying to capture the underlying

relationship between inputs and outputs. Models are especially prone to overfitting if they are overly

complex (too many hidden units and layers) or have been trained for too long. Thus, 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.

For each species, three different training runs were performed, each using a different random starting

solution for the network weights. This was done because single training runs generally only produce a

local minimum in network weight space instead of a global minimum. Consequently, networks often use

retrained multiple times in order to increase the chances of finding a global minimum. The best (but not

necessarily optimal) network for each species was selected as that one achieving the lowest validation set

error.

The performance of each network was statistically evaluated using Cohen’s Kappa statistic of similarity

(K) and the Area Under the Receiver Operating Characteristic Curve (AUC). 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 and are dependent on the particular classification threshold being

applied for determining 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

1 10
-4
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AUC is calculated from plots of the Receiver Operating Characteristic (ROC) curve. ROC curves

measure the tradeoff 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 function of all possible classification thresholds. This index is an

unbiased measure of a model’s predictive accuracy and is independent of both species prevalence in the

validation dataset and classification threshold (Fielding and Bell, 1997). AUC ranges from 0.5 for models

with no discrimination ability, to 1 for models with perfect discrimination.

There are several rules-of-thumb available to help interpret measures of agreement between observed and

simulated distributions. For example, Monserud (1992) suggests the following ranges of agreement for

Kappa: excellent K>0.85; very good 0.7<K 0.85; good 0.55<K 0.7; fair 0.4<K 0.55; and poor K<0.4.

For AUC, Swets (1988) recommends interpreting values using the ranges: excellent AUC 0.90; good

0.80 AUC<0.90; fair 0.70 AUC<0.80; poor 0.60 AUC<0.70; fail AUC<0.60.

Once an ANN has been trained and validated at the European scale, it can then be used to project

bioclimatic suitability for the current baseline period (1961-1990) and for a set of future climate change

scenarios (described in more detail in Chapter 3) for Britain and Ireland at a 50km 50km resolution. Note

that the 50km resolution used in projection is very similar to the 0.5 degree latitude/longitude resolution

used in model training, thereby avoiding any potential scaling issues involved with using bioclimatic

datasets constructed at different resolutions. The primary output from a trained ANN is a climate

suitability surface map (Figure 2.2) for each species and climate change scenario combination showing

the likelihood of species presence (measured between 0 and 1) across the training region (Europe) and

projected study area (Britain and Ireland). To aid in the interpretation and presentation of model results,

binary maps showing areas of either suitable or unsuitable climate space (Figure 2.2) can be generated

from the suitability surfaces by setting a presence threshold above/below which a species is considered

present/absent. The choice of this threshold value is important because model outputs, when mapped as

suitable/unsuitable climate space, may look quite different depending on the threshold that is applied.

Thresholds are normally chosen as those producing maximum agreement between observed and simulated

distributions. One approach is to use the threshold value that maximises the Kappa statistic, described

above. An alternative approach, based on an ROC analysis, involves plotting sensitivity versus specificity

(one minus the false positive fraction) at different threshold values and taking the value at which the two

curves cross (Figure 2.3). In this way, a perfect balance can be achieved between the cost/benefit of

incorrect/correct projections (Manel et al., 2001).

Figure 2.2: Maps of simulated European climate suitability (left) and corresponding thresholded potential

suitable/unsuitable climate space (right) for Arabis glabra (Tower mustard).



 Figure 2.3: Plot of sensitivity and specificity at different classification (presence) thresholds. T
*
 indicates

the optimal threshold where the specificity and sensitivity curves cross.

In addition to the types of maps shown in Figure 2.2, an additional type of map output can be produced

using the SPECIES model. Future potential suitable climate space maps can be easily overlaid on top of

simulated baseline potential suitable climate space in order to distinguish areas of overlap (turquoise),

gain (blue) and loss (red) of suitable climate space as shown in Figure 2.4. Such maps provide a

compelling visual aid for distinguishing future changes in potential suitable climate space.

Figure 2.4: Maps of baseline potential suitable climate space (left) and projected change in potential

suitable climate space under the UKCIP 2080s High scenario (right) for Boloria euphrosyne (Pearl-

bordered fritillary).
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2.2 Ensemble forecasting using aggregate k-fold cross-validation

In the original version of SPECIES, i.e., in MONARCH 1 and 2, training and validation of the ANN was

performed, as described in the previous section, using a simple data-splitting cross-validation procedure

sometimes referred to as the “holdout method”. In the holdout method, the full dataset is randomly

divided into a training dataset and a validation dataset, with training or calibration being performed on the

training dataset and testing in order to compute various statistics about the model’s predictive accuracy,

including AUC and the Kappa statistic, being performed on the validation dataset.

Using the holdout method, however, it quickly became evident that the models for some species were too

unstable, with projections of future (but not current) potential suitable climate space varying quite

markedly from one model run to the next. An example of this for several individual projections of the

same future time period is shown in Figure 2.5. Note the considerable dissimilarity in lost potential

suitable climate space over southern England and gained potential suitable climate space across Ireland.

This high spatial variance is a frequently encountered problem with the holdout method (Harrell, 2001)

and is due to the fact that the model never sees the full set of European data during training. The result is

that model projections may differ significantly depending on which data points end up in the training set

and which end up in the validation set. This problem is only compounded by the fact that ANNs are well

known for being “unstable” (Breiman, 1996), whereby small changes in the training dataset can have a

pronounced effect on projected model outputs. This arises from the inherent randomness involved with

training and the non-identifiability of ANN models (Naftaly et al., 1997), namely that for a given training

dataset, there may be several (local) minima of the error surface.

Figure 2.5: Comparison of three different SPECIES projections using the holdout method for B.

euphrosyne for the UKCIP 2080s High scenario.

To overcome this problem, a much more sophisticated procedure known as ensemble forecasting was

carried out. In ensemble forecasting, projections are derived by constructing and training multiple ANNs.

The outputs from each of these models are then combined together in order to generate a final composite

projection. There is a large body of statistical theory and practical work showing the superiority of

ensembles over the use of any single model (Naftaly et al., 1997; Sharkey, 1999; Granitto et al., 2005).

Good ensembles require that individual models be both accurate and diverse (Geman et al., 1992).

Although there are several different ways of accomplishing this (Granitto et al., 2005), the most common

way is by calibrating models on different subsets of the training data. Following this idea, ensemble

forecasting in SPECIES has been carried out using a simple cross-validation procedure. Referred to as



aggregate k-fold cross-validation, this procedure essentially involves iterating the holdout method k

separate times. Here, the available data is split into training and validation sets k times in order to

construct k different ANN models. Each model is calibrated on one of the training sets and then

independently tested on the complementary validation set in order to calculate ROC and Kappa values.

An ensemble or aggregate model, which is subsequently used for making all potential suitable climate

space projections, is formed by combining the projection made by the k submodels.

To construct aggregate climate suitability surfaces, the average output from each individual ANN was

used. To construct aggregate potential suitable/unsuitable climate space maps, a majority-voting scheme

was employed. First, the projections from each network are converted to either a presence or absence

using the average specificity-sensitivity threshold computed during calculation of the ROC (see above).

The average specificity-sensitivity threshold is found by respectively averaging the specificity and

sensitivity curves over each individual ANN and then determining the point at which the two averaged

curves cross. Once a threshold has been found, each model is assigned a presence (1) or absence (0)

value, depending on whether its simulated value is above or below the threshold, respectively. The most

commonly projected value is then used as the final projection with a tiebreak provided by the ensemble

model if necessary. Specifically, a presence value is assigned if more than 50% of the submodels have a

thresholded value of 1, and 0 if more than 50% have a thresholded value of 0. If a tie occurs, the

thresholded value of the ensemble average is used to cast the deciding vote.

An important advantage of aggregate cross-validation is that it is less sensitive to how the data gets

divided, since there is a high likelihood that points in the validation set of one model will be used for

training of one or more of the other models. The result is a reduction in the variance of the ensemble

projection, especially for the first few replicate model runs (Breiman, 1996). This is clearly evident from

Figure 2.6, which shows several different ensemble projections for the same future time period. Note the

much greater spatial similarity between models (as compared to Figure 2.5), exemplifying the greater

stability of the aggregate k-fold cross-validation method.

The projective accuracy of the ensemble model, as measured by AUC and Kappa, is approximated using

their k-fold means. Specifically, k different AUC (Kappa) values are computed, one for each submodel

using the validation set that was withheld from it during training, and then averaged together to produce a

mean AUC (Kappa) statistic. Although the expected performance of the ensemble model is not, in

general, equal to the average performance of the individual submodels, it is at least as good as this and

usually even better (Bishop, 1995), i.e., the k-fold mean provides a conservative estimate of the

ensemble's accuracy. Thus, another key advantage of the ensemble model is its greater generality

compared to any single model.

The main disadvantage of using an ensemble approach is that an ANN has to be retrained from scratch k

separate times, which means it takes k times as much computational effort compared to the holdout

method to derive model projections. For all results reported here, ensembles were formed using 10 ANN

submodels. A value 10 for k was chosen based on preliminary tests showing this value as giving a good

tradeoff between reduced spatial variance and longer model running times. Models on average took about

15-25 minutes to run per species, compared to about 5 minutes per species for a single run, i.e., for k

equal 1, and generally only showed marginal improvements in spatial variance reduction after this point.



Figure 2.6: Comparison of three different SPECIES projections using the aggregated 10-fold cross-

validation method for B. euphrosyne for the UKCIP 2080s High scenario.

2.4 Presence-only modelling using ENFA weighted pseudo-absences

Another major modification of the SPECIES model includes the addition of a new module for modelling

so-called “presence-only” datasets, i.e., species distribution data containing a set of observed presence

points but no absence points. These types of datasets are common among rare and endangered species,

including many BAP species. This presented a dilemma, as the original version of SPECIES was

designed to work only with complete presence/absence datasets.

To resolve this issue the SPECIES model has been adapted to handle presence-only data. A very

simplistic way of accomplishing this is to train a model with a set of pseudo-absences that have been

randomly selected from the remaining set of unsampled sites contained in the full European bioclimate

training grid. This type of approach was employed by Ferrier and Watson (1997) for modelling

eucalyptus species in Australia.

The major disadvantage of complete random generation of pseudo-absences, however, is that areas where

a species may in fact exist can be erroneously designated as being absent. This, in turn, can lead to a

model with poor predictive power because of training on false absence sites with favourable

environmental conditions. A more intelligent means of generating pseudo-absences involves weighting

selection towards sites where a species is very likely to be absent. This can be accomplished by first

compiling environmental data on sites where the species is present in order to create a rough

approximation of a species’ environmental envelope. Pseudo-absence sites can then be chosen among the

subset of likely unsuitable sites lying outside the species’ approximated climatic range. An example of

this was recently done by Engler et al. (2004) using Ecological Niche Factorization Analysis (ENFA) in

the initial pseudo-absence selection process combined with a statistical model (GLM) for more accurately

projecting each species’ distribution.

Applying the same general methodology used by Engler et al. (2004), we have performed presence-only

modelling using a two-step process. In the first step, an initial habitat suitability map was generated using

ENFA. ENFA is a simple method for modelling presence-only datasets that is similar to principal

component analysis (PCA) in that it maps sets of ecogeographical variables into a new basis with

uncorrelated axes. The main difference is that instead of successively introducing new axes (or factors)

that capture maximum variance in the multidimensional ecogeographical space, the principal components

in ENFA each poses an ecological meaning. The first component explains the marginality of the species,



i.e., how its area of occupancy differs from the average conditions of the study area. The other factors

explain the 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 using the “median-algorithm”.

Using this method, the distribution and median of the observation points (presence points) are computed

along each factor. Subsequently, each point in the study area can be assigned a suitability index by taking

a weighted average of its distance to each median, with points closer to the medians being more suitable.

See Hirzel et al. (2002) for a more detailed explanation of ENFA and the median-algorithm. An example

habitat suitability map computed with ENFA for a species with a small number observation data points is

shown in Figure 2.7.

Figure 2.7: The observed presence (left) and ENFA habitat suitability index surface (right) for Andrena

ferox (mining bee).

In the second step of presence-only modelling, a large number of pseudo-absence points (the greater of

2 n and 5000-n, where n equals number of presence points) were randomly chosen based on their ENFA

suitability scores and then used along with the full set of observed presence points to construct ANN

training and validation datasets. Specifically, a candidate pool of pseudo-absence points was constructed

using the lower 10 percentile of suitability scores from the ENFA analysis. From this pool, pseudo-

absences were then randomly selected with frequencies in proportion to one minus their suitability. In this

way, ANNs can be trained and validated using a bioclimatically diverse set of pseudo-absence sites that

also have a relatively high likelihood of being “true” absences. Also note that because sampling of

pseudo-absences is based on ENFA suitability scores, i.e., lower suitability sites have a higher chance of

being selected than higher suitability sites, the results of the SPECIES model were never found to be

particularly sensitive to different cut off values, other than 10% for constructing the pseudo-absence pool.

2.5 Discussion and conclusions

The overwhelming complexity of the natural world presents a fundamental problem in modelling natural

systems. The bioclimatic envelope approach used in the SPECIES model can provide a useful first

approximation as to the potentially dramatic impact of climate change on biodiversity. However, it should

be stressed that the modelling results should not be interpreted without careful understanding of the



numerous limitations involved. Three of the main criticisms of bioclimatic envelope modelling as a whole

concern: (1) the lack of consideration for biotic interactions; (2) rapid adaptation; and (3) species

dispersal (Pearson and Dawson, 2003).

The importance of biotic interactions between species, e.g., competition, predation and symbiosis, has

been shown to have important impacts on species’ distributions. For example, changes to the distribution

of a single keystone species could have significant knock-on impacts on the distributions of many other

species. It should be clear that modelling strategies based on correlative bioclimatic envelopes alone

might lead to some projections being widely inaccurate. However, it has been argued by many that

applying bioclimatic models at macro-scales, where climatic influences on species distributions are

shown to be dominant, can minimise the relative contribution of local biotic interactions (Pearson and

Dawson, 2003). A quick survey of the literature shows that models which have been calibrated and

projected using data 50km or lower 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 scale for bioclimatic envelope modelling. The current

study uses data precisely within this range.

The implications of species adaptation in bioclimatic envelope modelling is important since the

assumption of niche conservatism, whereby rates of adaptation are slower than extinction rates, will be

wrong for species with sufficiently high phenotypic plasticity or those experiencing fairly rapid

evolutionary change. Projecting adaptive species’ responses to climate change presents a huge challenge

to vegetation modellers and has not been accounted for within the current modelling framework. It is thus

apparent that applications of bioclimatic envelope models for projecting potential distribution changes

over the next century are most appropriate for species not expected to exhibit rapid adaptation over this

timescale. This is most likely to be the case for long-lived species and poor dispersers, since

intergenerational selection and/or selection at expanding range margins is widely believed to be required

for evolutionary processes to take effect (Pearson and Dawson, 2003).

Lastly, a key factor determining the ultimate fate of biodiversity patterns in a changing environment,

which is not explicitly considered in species envelope models, is species dispersal ability. In order for a

species to realise its new future potentially suitable climate space, it must be able to track changes in

regional climate suitability by migrating through a fragmented landscape. Clearly, some species will be

inherently more adept at this than others, and so may be better positioned to fulfill their potential future

suitable climate space. The failure of bioclimatic envelope models to adequately account for species

dispersal limits, therefore, presents an important limitation that may lead to overly optimistic projections

about the sizes of potential species ranges. Adequately dealing with this requires detailed knowledge of a

species ability to migrate through a dynamic and heterogeneous landscape given continuing changes in

climatic suitability. This type of information, however, is sorely lacking for most species and landscapes,

inducing a severe limitation to the widespread use of coupled landscape change and species dispersal

models. On the other side, there is strong evidence to suggest that the rapid migration of plant species

over large distances may be determined primarily by long-distance 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 and Solomon, 1991;

Higgins and Richardson, 1999; Cain et al., 2000). Consequently, bioclimatic envelope projections at the

macro-scale may not be so unrealistic.

The bioclimatic envelope approach used in the SPECIES model is based on the application of artificial

neural networks. ANNs have increasingly been employed in ecological studies as an alternative to more

traditional statistical techniques (Lek and Guegan, 1999). Some of the advantages and disadvantages of

using ANNs for characterising species distributions are discussed in more detail by Hilbert and Ostendorf

(2001) and Pearson et al. (2002). Concerning advantages, of particular note is their flexibility. ANNs



ANNs can identify nonlinear responses to environmental variables, can incorporate multiple types of

input variables, including categorical data, e.g., land cover classifications, and continuous data, e.g.,

climatic variables, and make no assumption regarding the distribution of the input data, e.g., that they are

normally distributed. Notable disadvantages of ANNs are the amount of time required to fully train them

and the lack of fully standardized methods for determining variable importance.

Although we have tried to adhere to best practices with regard to model construction and

parameterisation, questions may persist with regard to some specific choices used in the application of

SPECIES. An example, is the 10% lower cutoff used in constructing the pseudo-absence pool obtained

from the ENFA analysis. Although, in principle, it might be possible to fine-tune this value using an

independent validation set, e.g. for Britain and Ireland, doing so in practice presents its own set of major

difficulties. First and foremost, there is the issue of obtaining an independent validation dataset containing

both presence and absence points for a rare or endangered species. Second, even if such a dataset did

exist, say for the UK which generally has more thorough records, because the SPECIES model is trained

at a coarse European scale, such a dataset would need to be extrapolated to the same resolution as the

European data. Consequently, there might not be a sufficient number of points to provide an accurate

validation. On top of that, there remains the issue of idiosyncrasy of the validation dataset, i.e., the ranges

of the bioclimatic variables in the validation dataset may not match well with the full European grid, and

the more 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.

In constructing the ensemble forecasts, aggregate k-fold cross validation was employed by fixing k equal

to 10. Although perhaps somewhat arbitrary, an inherent problem with cross-validation is that there is no

a priori “best” value for k. It depends primarily on the particular species-scenario combination being

considered. For some species like B. euphrosyne, there may be little or no disagreement for certain

scenarios, e.g., UKCIP02 2020s Low or 2080s High, but quite a bit for other scenarios, e.g., UKCIP02

2050s High. Theoretically, it could be possible to fine-tune a different value of k for each species, but this

could require an inordinate amount of computational time if the goal were to reach a set level of spatial

variance. A value of 10 was chosen because, (i) this value is frequently used in the literature, (ii) it didn't

take too long to model a species, and iii) on visual inspection, the spatial variability between runs seemed

to have reduced sufficiently by this point.

Another concern that some might take issue with is the perhaps subjective choice of network architecture,

i.e., the number of hidden layers and units, employed in the current study. In all cases, ANNs were

constructed using a single hidden layer containing 5 hidden units. As an alternative, one could employ

any number of methods, including the Group Method of Data Handling (GMDH), that dynamically build

problem-specific networks in order to optimise their performance (Nariman-Zadeh et al., 2002). Although

such methods certainly simplify the task of specifying a suitable neural network structure and reduce

estimated validation errors, they almost invariably lead to larger and more complex ANNs. This has

several important drawbacks. First, model training generally decays with an increasing number of hidden

units and layers due to the difficulty of consistently finding a good error minimising solution. As such,

considerably different results can be produced given a finite number of training runs on the same training

dataset. Second, more hidden units/layers generally leads to overfitting on the training data and, in turn,

greater spatial variability among model projections. Since each training dataset is randomly compiled

during each model run, this requires many more submodels for an ensemble forecast to sufficiently reduce

this problem. In essence, adding more hidden units and layers involves a balancing act between

decreasing validation set error and increasing spatial variance in the forward projections. Our results have

found that decreasing the number of hidden units can greatly reduce spatial variance while only

marginally increasing the validation error.



More generally, some might question the reliance upon a single modelling approach, when a suite of other

methods, like GLMs and GAMs, could just as easily be implemented and applied in concert with an ANN

model. The main purpose of this would be presumably to combine the results from these models with the

ANN projections in order to form a multi-model ensemble forecast (Araújo et al., 2005b). Whether or not

this may be advisable, however, is very much up for debate. In doing so, one may, in effect, simply be

increasing the overall uncertainty of the climate space projections by including potentially inferior

submodels into the ensemble forecast (McNees, 1992). Support for this notion is given by findings from

various studies comparing the performance of different climatic envelope modelling approaches, which

generally show ANNs to be superior to both GLMs and GAMs in terms of predictive accuracy (Thuiller,

2003; Araújo et al. 2005a). Although such studies also suggest that ANNs may be more prone to

overfitting, this can be effectively dealt with, as we done, by forming a multi-ANN ensemble. Thus, we

have opted to form ensembles that combine projections from multiple ANNs, not only to address issues

related to spatial variance and overfitting, but also based on the intuitive expectation that the presumably

greater accuracy of an ensemble forecast should improve mainly when better and not more models are

taken into account.

The great complexity of natural systems suggests that there are fundamental limits to the projection of

future species’ distributions. Combining the complexities arising from biotic interactions, evolutionary

change, modelling approach and data accuracy, along with the uncertainties all too evident in projections

of future climate and land cover change, it is apparent that accurate projections of future potential suitable

climate space for a species are not currently possible (Pearson and Dawson, 2003). The development of

dynamic global vegetation models (DGVMs), which include mechanistic representations of physiological,

biophysical and biogeochemical processes, has demonstrated significant progress in the modelling of

vegetation–climate interactions at the global scale (Woodward and Beerling, 1997; Cramer et al., 2001).

Recent development of these techniques for application at regional scales, including the breaking down of

ecosystem processes into key components with characteristic spatial and temporal scales shows much

promise (Sykes et al., 2001). However, the complexity of DGVMs makes their parameterisation and

validation problematic, and does not currently allow their widespread application to specific species and

regions (Pearson and Dawson, 2003). Alternatively, the relatively simple SPECIES bioclimatic envelope

model can provide a useful starting point when applied, as we have strived to do here, to suitable species

and at appropriate spatial scales. The importance of the work undertaken in MONARCH 3, therefore,

should not be underestimated. One simply needs to bear in mind that the model projections only represent

rough approximations of the potential impacts of future climate change, rather than accurate simulations

of future species distributions, and so should be always interpreted with due caution.
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3 Application of the MONARCH methodology

to selected BAP species in Britain and Ireland

P.M BERRY, C.L.THOMSON, G.J. MASTERS and J.R. O’HANLEY

3.1 Summary

Climate change is likely to be a more significant driver of future environmental change with

important impacts on biodiversity and conservation. Currently it is only taken into account in

a few species Biodiversity Action Plans (BAP) and thus the MONARCH methodology was

applied to a selection of 120 terrestrial BAP species in order to assess the potential impacts of

climate change. Given the difficulties of data availability and reliability and in order to match

the model projection resolution to the model training resolution a selection of species were re-

modelled at the 50km resolution. This chapter reviews the impacts by taxon and considers

some of the limitations encountered in the modelling and interpretation of the outputs.

The changes in potential suitable climate space for the species show that, while many,

especially those with a southern distribution could experience large gains, there are also a

number, mostly in the north of Great Britain, which may have little new climate space. The

overlap between current potential suitable climate space and that in the future is important as

it represent areas where the species may be able to remain. Again there is a variable picture,

depending on the species’ experience of gains and losses in climate space, but could have

significant losses, particularly under the 2080s, and, to a lesser extent the 2050s High

scenarios. The application of land cover masks to screen out areas of unsuitable habitat

generally produced little change in the potential suitable space for species, except where

species were associated with only one or two restricted habitat types.

The climate potential suitability maps and results need to be carefully interpreted. It must be

remembered that the SPECIES maps depict potential suitable climate space. The presence

of new potential suitable climate space in the future does not equate to a new, expanded

distribution, but rather shows where there could be suitable climatic conditions. The ability to

occupy new potential suitable climate space will depend, amongst other factors, on the

availability of suitable habitat and the species’ dispersal ability. As such, potential suitable

climate space represents the species’ fundamental niche and shows a greater suitable potential

area than the species might occupy in the future.

3.2      Data

A number of data sets covering environmental variables and species data are required for the

SPECIES model (Chapter 2) and this section documents the data sources and some issues of

their availability and compatibility.

3.2.1 Climatic data

3.2.1.1    Baseline climate

The baseline climate data was exactly the same as that used in MONARCH 2 (Berry et al.,

2005); for Great Britain it came from the UKCIP baseline climatology (Hulme et al., 2002)

and for Ireland the data were extracted from the British-Irish Council database (Jenkins et al.,

2003).



3.2.1.2   Historical climate

Historical climate data was required for the hindcasting objective (Chapter 4). UK historical

climate data was produced by the UK Meteorological (Met) Office in association with UKCIP

and was available for download from the Met Office website on a 5 x 5 km grid resolution.

Historical monthly gridded climate data for maximum, minimum and mean temperatures, plus

rainfall, was available from 1914 onwards.  Similar data for sunshine was obtained from 1929

onwards.  Wind speed data was available from 1969. The data sets were created for 26

weather parameters (of which only the above six were used), based on the archive of UK

weather observations held at the Met Office. For most parameters approximately 500 stations

were used to create each grid; for rainfall approximately 3500 stations were used. The

regression and interpolation process used to obtain the 5 km grids alleviates the impacts of

station openings and closures on homogeneity, however, the impacts of a changing station

network cannot be removed entirely, especially in topographically variable areas.

Appropriate historical climate data was only available only from a small number of sites and

was not in a suitable electronic format and as such was not sufficient to create a reliable

gridded dataset at the 5km resolution. Another alternative which was investigated was the

climate data available from the EU ATEAM project.  This is a monthly data set from 1901 to

1960 on a 10’ grid.  However, as this data is at such a coarse resolution, it would compromise

the credibility of the data by downscaling it to a 5km grid.  As such, only data for the UK was

used in the hindcasting work.

3.2.1.3 Climate change scenarios

The UKCIP02 scenarios (Hulme et al., 2002), as used in MONARCH 2, were applied in the

SPECIES model to ascertain changes in the suitable climate space for species (Chapter 3.3

and 3.4). The Low and High emissions scenarios were utilised to capture some of the

potential range in future climate, but for a further discussion of climate uncertainty see Hulme

et al., 2002 and Chapter 5. They were run for the 2020s (2011 to 2040), 2050s (2041-2070)

and, unlike MONARCH 2, the 2080s (2071-2100) time-slices. For the 2080s the Medium-

High was also run to capture more of the uncertainty associated with the emissions scenarios.

In the 2080s, mean annual and seasonal temperatures may be between 1 and 1.5
0
C greater

than in the 2050s and mean precipitation may be up to 10 % greater in winter and 20% less in

summer, depending on emissions scenario and region.

The climate uncertainty research used a wider range of emissions scenarios and Global

Climate Models: CGCM2, CSIRO2, HadCM3 and PCM. These were made available to the

ECI through their involvement in the EC ACCELERATES project (Assessing Climate

Change Effects on Land use and Ecosystems: from Regional Analysis to the European Scale;

www.geo.ucl.ac.be/accelerates; Rounsevell et al., 2006) and more detail on the scenarios is

given in Chapter 5.

3.2.2 Topographic data

The GTOPO elevation data at a 1 x 1 km resolution was used for all of Britain and Ireland, as

in MONARCH 2 (Berry et al., 2005).

3.2.3 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 on a 5 km x 5 km grid via UKCIP. The data for Scotland were

available from the Macaulay Land Use Research Institute (MLURI) at the 10 km resolution.

This spatial resolution was artificially changed to 5 km x 5km to match the resolution of the

climate data and other soils data sets by simply applying the AWC value for a 10km
2
 grid cell

to its four component 5km
2
 grid cells. For Ireland, the General Soil Map of Ireland (Gardiner



and Radford, 1980) digitised in MONARCH 1 was used to estimate values of AWC (Harrison

et al., 2001). This process was repeated in MONARCH 2 to estimate values of AWC on a

5km x 5km grid based on the original digitised soil polygons (Berry et al., 2005) and applied

in MONARCH 3.

3.2.4 Land cover data

The Land Cover Map 2000 (Centre for Ecology and Hydrology) is derived from a computer

classification of satellite data that results in target land cover types. The 27 sub-classes of land

cover types were used in order that broad habitats could be identified. The 1 km x 1 km

resolution was used to provide a surrogate for habitats and was used to mask out areas of

unsuitable land cover from the climate suitability surfaces (Chapter 3.3.2). LCM2000 covers

Northern Ireland, but in order to have compatibility across Ireland CORINE data were used

for the whole of Ireland. CORINE is based on the visual interpretation of satellite imagery

and the allocation of land cover types to one of 44 standard land cover classes, thus it is not

directly comparable to LCM2000.  However, to enable integration of the CORINE dataset to

the habitat masking methodology, the individual land cover classes from CORINE were each

mapped to an equivalent one of the 27 LCM2000 land classes for use in the habitat masking

procedure (Appendix 3.1).

3.2.5 Species distribution data

Observed European distributions necessary for the SPECIES model training were sought for

all terrestrial BAP priority species and an Access database of sources of European and

national distributions was compiled. Distributions were readily available from published

Atlases for amphibians, ants, birds, butterflies, mammals, molluscs and most higher plants,

but distributions for the other taxa, such as bees/wasps, flies, lower plants and moths were

more difficult to locate and only a few species were able to be included (Table 3.1).  The full

list of species modelled can be found in Appendix 3.2 and the European distribution data

sources in Appendix 3.3.

Table 3.1: Number of species selected in each taxonomic group

Taxonomic Group Number of Species selected

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

Various factors influenced the number of species which could be selected from each group.

Groups with fewer selected species were often also smaller in terms of total number of

UKBAP species, which restricted the number of species from which to select.  For example,

there are only five UKBAP reptiles – four turtles and Lacerta agilis (Sand lizard).  Turtles

were not appropriate as they are essentially marine species, hence only one species from

reptiles (L.agilis) was modelled.



For some of the other under represented groups, data availability was the main limiting factor

in species’ selection.  For example, for bees and wasps, European maps for wasps do not exist

(Dr Schmid-Egger, pers. comm).  There is also an acute shortage of moth data at the

European scale.  Often, certain individual countries have good national records of species’

distributions, but this is not consistent across either Europe or across a particular taxonomic

group.  In cases such as these, it was possible to aggregate the available country specific data

on to one map and then run a modified version of SPECIES based on “presence only” data.

Ecological Niche Factorisation Analysis (ENFA), therefore, was used to generate the

“absences” and is described and discussed further in Chapter 2.

Lastly, some UKBAP species are endemic, and, while the UK distribution is coincident with

the European, it is often very restricted, with few presences, which makes model training

difficult and the training set does not include future climate space. Such species were omitted

from the modelling. In total European distributions were found for 120 BAPspecies.

3.3          Modelling

The SPECIES (Spatial Estimator of the Climate Impacts on the Envelope of Species) model

was used to simulate the impacts of climate change on the distribution of potential suitable

climate space of the 120 BAP species. The model was developed in MONARCH 1 (Harrison

et al., 2001), but it now has been fully automated and modified in line with advances in

modelling techniques and in order to accommodate various forms of distribution inputs. A full

description of the revised model is given in Chapter 2.

3.3.1 Methodology and outputs

The model uses an artificial neural network (ANN) to integrate bioclimatic variables for

predicting the distribution of species through the characterisation of bioclimatic envelopes.  A

number of integrated algorithms, including a climate-hydrological process model, are used to

pre-process climate (temperature, precipitation, solar radiation, vapour pressure and wind

speed) and soils (AWC – available water holding capacity) data to derive relevant bioclimatic

variables for input into the neural network.  Those variables found to be most successful for

bird distributions (Harrison et al., 2003) and other taxa (Berry et al., 2003) are given in Table

3.2.  The model is trained using existing empirical data on the European distributions of

species to enable the full climate space of a species to be characterised.

Table 3.2: 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)

The agreement between the observed European distribution and the simulated potential

suitable climate space can be measured by Cohen’s Kappa statistic of similarity (K) and the

Area Under the Receiver Operating Characteristic Curve (AUC), as explained in Chapter 2.1.

These showed all species except two had an AUC greater than 0.9 and that according to

Monserud and Leemans (1992), 28 had excellent agreement, 56 very good, 24 good, 7 fair



and 5 poor (Appendix 3.4). This suggests that the model is generally performing well despite

the many species being rarer than used in other phases of MONARCH.

After the model has been trained on the existing empirical European data at the 50km

resolution, the model applies future climate scenarios to capture the potential species’

response to climatic conditions projected under future scenarios.  These were the UKCIP02

climate change scenarios (Hulme et al., 2002) for three time periods: 2020s, 2050s and 2080s

for each of two emissions scenarios: low and high, with the medium-high being run just for

the 2080s (Chapter 3.2.1.3).  The downscaled UKCIP02 scenarios were available on a 5km

grid for Britain and Ireland and were used to project areas of potential suitable climate space

for each species in question, initially at the 5km resolution.

For each of the 120 species modelled, various sets of maps were produced:

1. Observed and simulated current distributions;

2. Climate suitability surface maps at the European scale;

3. Probability of current climate suitability;

4. Presence/absence maps for future potential simulated climate space projections;

5. Climate suitability surface future projections;

6. Land cover masks applied for Britain and Ireland for current and future potential

simulated climate space.

The maps of observed European distributions and the simulated European current potential

suitable climate space (1) are both at a 0.5
o
 resolution, but for Britain and Ireland they are at

the 5km resolution.  The potential climate suitability surface maps (3) are output at the

European scale only for the present time, but for Britain and Ireland both for this and for the

future time slices (5).  These maps provide an indication of the likelihood of a species being

present due to it having potential suitable climate space at a given point.

To generate the climate suitability surface maps, the model projects (using the bioclimatic

data and current distribution) at each point the probability that the species will have suitable

climate space at the point.  This probability value will be between 1 and 0, with 1 being the

most likely that suitable climate space would occur at that point.  The suitability surface maps

can thus also be presented as probability surfaces.

Presence/absence maps are generated by applying a species specific threshold value to the

suitability surface maps, based on the kappa and Area Under the Receiver Operating

Characteristic Curve (AUC) statistics (Chapter 2.1). This assumes that each species has a

threshold value above which the model projects the climate space is suitable and below which

the model projects the climate space is unsuitable at that given point.

The future projections for potential suitable climate space are presented in terms of loss, gain

or no change (overlap) relative to the current (base) case.  This method allows projected

spatial changes in simulated potential suitable climate space from base to be displayed clearly

and interpreted (Chapter 3.4).

The modelling results were presented and discussed at a meeting of taxonomic experts and

concern was expressed about the use of the 5km outputs. There was a modelling issue in that

the SPECIES model had been trained at the 50km resolution, but was projecting at the 5km

resolution, thus assuming that the relationship between climate and the species’ distribution

remained the same at the finer resolution. Of more concern, was the omission of factors other

than climate, such as habitat availability (other than through masking), aspect and biotic

interactions, which may be important in affecting a species’ distribution at this resolution

(Chapter 2 and Chapter 3.6).  The display at the 5km resolution also engendered a spurious

sense of geographical accuracy for the projections, which can be misinterpreted. It was



agreed, therefore, to repeat the modelling for some species with projections at the 50km

resolution for Britain and Ireland. Species were selected which had a good European

distribution, in which the observed distribution in Britain and Ireland matched that shown in

the European distribution, and the current simulated potential suitable climate space was close

to the observed distribution in both Europe and Britain and Ireland. Of the 120 BAP species,

41 were identified as possible candidates, but following re-modelling six species had

excellent agreement based on AUC, but still only fair to good kappa agreement (Appendix

3.5) and one, Jynx torquilla (Wryneck), did not have any current simulated potential suitable

climate space in Britain and Ireland and thus they were not considered further, but the results

are presented in Appendix 3.7. The results for the remaining 34 species are presented in

Appendix 3.6

3.3.2 Land Cover Masking Procedure

As shown in MONARCH 2 and elsewhere, land cover can have an important influence on the

distribution of species at an appropriate scale (Pearson et al., 2004; Thuiller et al., 2004), and

so a land cover mask was applied to the potential suitable climate space maps. The procedure

is applied as a post processing to the outputs of the SPECIES model and hence, the two sets

of outputs and maps are created – those representing potential suitable climate space only and

those where unsuitable land cover types have been masked out.

A table was compiled of the priority habitats and habitats of primary importance associated

with each of the BAP species modelled, using the table of habitat-species links supplied by

Science Sub Group, which was based on “Biodiversity Making the Links” (English Nature,

1999). Each of the habitats was then related to one of the 26 Land Cover Map 2000 LCM2000

Subclasses.  Information on these subclasses can be found on the LCM 2000 website:

http://science.ceh.ac.uk/data/lcm/lcmleaflet2000/leaflet3.pdf. The land cover classes from

CORINE for Ireland were each mapped to an equivalent LCM2000 class for use in the habitat

masking procedure as described in Chapter 3.2.4.

A reference table was constructed within the model which recorded every land cover type in

which any given species could be found.  Using this table, the land cover masking procedure

subsequently masked out each square which does not contain a suitable land cover for a given

species.  The land cover masking procedure does not take into account any thresholds in the

percentage of any given grid square which is covered by a particular land cover, so it was

assumed that the species had sufficient land cover space in that square a land cover class,

regardless of whether the land cover comprises 0.1% or 100% of the grid.  A threshold

procedure was considered, however, it was decided that it was inappropriate to use, as it

would be different for each species and difficult to assign.  The land cover data set does not

contain any information regarding the location of each land cover class within each square,

merely whether or not the land cover is present.  Hence, an arbitrary threshold value was

thought to be counter-productive as it contains no information about the quality of the land

cover or its spatial configuration within the grid square or its relation to similar land cover in

the surrounding grids.

3.4 Results – 5km resolution

Care should be taken when interpreting the maps, because the climate space shown only

represents where there could be potential suitable climate for the species to exist under current

or future climate conditions. They are not maps of actual future distributions. Nevertheless

they are useful for showing which species might experience gains in potential suitable climate

space, thus meaning that there could be opportunities for the species to expand its range, if it

can disperse into these new areas. The degree of overlap between current and future potential

suitable climate space is critical, as it is this area which should remain suitable for the species,

as far as climate is concerned, and thus the species should be secure here from the threat of



climate change.  The losses in potential suitable climate space are more likely to be realised

than the gains, because as conditions become unsuitable, so the species will become stressed,

and a mortality response is more likely (Berry et al., 2002).

3.4.1 Results by taxa

3.4.1.1 Amphibians

The SPECIES model was run for all three BAP amphibians – Rana lessonae (Pool frog), Bufo

calamita (Natterjack toad) and Triturus cristatus (Great crested newt).  All of them had an

AUC value of over 0.9 indicating very good discrimination ability for all species.  The

maximum kappa value is slightly lower, although the value for R. lessonae is greater than 0.8

indicating very good (over 0.7) agreement.  The other two species show good agreement

(between 0.5 and 0.7) and with values of 0.69 for each, are only just below the 0.7 threshold.

3.4.1.1.1 Gains in potential suitable climate space

All of the three show gains in climate space under all scenarios with B. calamita and R.

lessonae more than doubling their current potential suitable climate space in each scenario

(Table 3.3).

Table 3.3:  Percentage gains in new potential suitable climate space for amphibians

New potential suitable climate space

2020s L 2020s H 2050s L 2050s H 2080s L 2080s H

% of new

0 to <10 0 0 0 0 0 0

10 to <25 1 1 1 0 0 0

25 to <50 0 0 0 1 1 1

50 to <75 0 0 0 0 0 0

75 to <100 0 0 0 0 0 0

100 and over 2 2 2 2 2 2

It should be noted however that the base case current simulated potential suitable climate

space for both B. calamita and R..lessonae were much smaller in spatial extent than that for T.

cristatus and so when gains are expressed in terms of percentage of base, smaller actual

climate space gains in area will produce larger percentage gains (Figures 3.1 and 3.2).

Figure 3.1: Changes in simulated potential suitable climate space for R. lessonae showing

large gains (blue) between current and future new potential suitable climate space.  The large

gains can be clearly seen relative to the small current distribution.

a) Observed distribution

(NBN)

b) UK Simulated current

distribution

c) Simulated potential

suitable climate space for the

high 2020s



Figure 3.2: Changes in simulated potential suitable climate space for T. cristatus showing

smaller gains (blue) between current and future new potential suitable climate space – note

however the larger initial current distribution.

a) Observed distribution

(NBN)

b) UK Simulated current

distribution

c) Simulated potential suitable

climate space for the low

2050s

3.4.1.1.2 Overlap in potential suitable climate space

All three of the species had more than 50% predicted overlap in potential suitable climate

space throughout all future scenarios.  The one notable exception is that for the 2080s High

scenario for T. cristatus which predicts an overlap of 24% of its current climate space (Figure

3.3 and Table 3.4).

Figure 3.3: Changes in simulated potential suitable climate space for the three amphibian

species showing a large overlap in potential suitable climate space (green) for B. calamita

(93%), a decreasing amount for R. lessonae (55%) and a significantly smaller overlap for T.

cristatus (24%) all for the high 2080s.

a) Simulated potential suitable

climate space for B. calamita

b) Simulated potential suitable

climate space for R. lessonae

c) Simulated potential suitable

climate space for T. cristatus

Table 3.4: Percentage overlaps in potential suitable climate space

Overlap

2020s L 2020s H 2050s L 2050s H 2080s L 2080s H

% of overlap

0 to <10 0 0 0 0 0 0

10 to <25 0 0 0 0 0 1

25 to <50 0 0 0 0 0 0

50 to <75 0 0 0 1 1 1

75 to 100 3 3 3 2 2 1



3.4.1.1.3 Losses in potential suitable climate space

The losses in potential suitable climate space increase into the future scenarios, however, it

can be seen from Table 3.5 that the relative losses in percentage terms are small with two

thirds of the losses being less than 10% for all scenarios, except the 2080s High.

Table 3.5: Percentage losses in potential suitable climate space

Lost potential suitable climate space

2020s L 2020s H 2050s L 2050s H 2080s L 2080s H

% of loss

0 to <10 3 3 2 2 2 1

10 to <25 0 0 1 0 0 0

25 to <50 0 0 0 1 1 1

50 to <75 0 0 0 0 0 0

75 to <90 0 0 0 0 0 1

90 to 100 0 0 0 0 0 0

Again, the notable exception in the data is that for T. cristatus which is predicted to suffer a

75% loss in potential suitable climate space under the 2080s High scenario.  The high loss

under this scenario relative to the other scenarios is demonstrated in Figure 3.4 below.

Figure 3.4: Comparison of potential suitable climate space losses (red) for T. cristatus under

varying scenarios.

a) Simulated potential suitable

climate space for the 2020s High

b) Simulated potential suitable

climate space for the 2050s Low

c) Simulated potential suitable

climate space for the 2080s High

3.4.1.2 Ants

Of the nine ant species with BAP status in Britain and Ireland, only five are considered in this

analysis, as European distributions could not be found for the remainder.  These species are

Formica aquilonia (Scottish wood ant), Formica exsecta (Narrow-headed ant), Formica

lugubris (Hairy wood ant (Northern)), Formica pratensis (Black-backed meadow ant) and

Formica rufa (Southern wood ant).  Information regarding the species, their habitats and their

status is given on the BAP website (www.ukbap.org.uk). F. rufa has undergone a taxonomic

revision recently and its systematics in the UK needs developing, so this species was omitted

from the analysis.

Both statistics (Kappa and area under the curve (AUC)) indicate that the model trained well

and the fit was good (Appendix 3.4), thus providing confidence in the projections of changes

in potential suitable climate space under the different UKCIP scenarios.



3.4.1.2.1 Gains in potential suitable climate space

All five species show limited gain in potential suitable climate space in the future, irrespective

of whether the High or Low scenario is chosen (Figure 3.5).  Percentage gain for four of the

five species under all UKCIP scenarios considered is generally <10%, except for F. pratensis

which shows modest gains (Figure 3.5; Figure 3.9); and interestingly the biggest gain, of

35%, for F. pratensis is under the 2020s High scenario.

Figure 3.5: Percentage gains in potential suitable climate space under the High scenarios.

3.4.1.2.2 Overlap in potential suitable climate space

As shown in Figure 3.6, the overlap in potential suitable climate space is overall low and

declines with time.  Only for the 2020s High scenario does the overlap get above 50%, and

then only for four of the five species.  So, the current and future potential suitable climate

space pull apart, as indicated by the reduction in overlap with time (Figure 3.6 and Figure

3.7), which is not surprising given the degree of loss in potential suitable climate space when

compared to the limited gains.

Figure 3.6: Overlap between current and future simulated potential suitable climate space.

0

0.5

1

1.5

2

2.5

3

3.5

0 to

<10

10 to

<25

25 to

<50

50 to

<75

75 to

<100

100

and

over

% gain of potential suitable climate space

N
o

. 
o

f
 s

p
e

c
ie

s

2020s

2050s

2080s

0

0.5

1

1.5

2

2.5

3

3.5

0 to <10 10 to <25 25 to <50 50 to <75 75 to 100

% overlap of potential suitable climate space

N
o

. 
o

f
 s

p
e

c
ie

s

2020s

2050s

2080s



Figure 3.7: Changes for F. aquilonia (a to c) and F. exsecta (d to f) from current to 2080s

High potential suitable climate space, showing no gain, very little overlap and extensive loss.

These results are consistent for all of the species except F. pratensis (see text and Figure 3.9).

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space

c) Simulated climate space

for 2080s High scenario

d) Observed distribution

(NBN)

e) Simulated current potential

suitable climate space

f) Simulated climate space for

2080s High scenario

3.4.1.2.3 Losses in potential suitable climate space

The five ant species considered here lose potential suitable climate space with, for example,

four of the five species losing > 90% of potential suitable climate space by the 2080s under

the High scenario (Figure 3.8).  Even by the 2020s considerable potential suitable climate

space has been lost, for example, a reduction of more than 25% for the 2020s High scenario

(Figure 3.8).  These losses, when combined with a very small gain in potential suitable

climate space for the majority of the species and with little overlap, suggest that all of these

species, except F. pratensis, may be very vulnerable to climate change (see Figure 3.6, Figure

3.7, Figure 3.8 and Figure 3.9).

Figure 3.8: Losses in potential suitable climate space.
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3.4.1.2.4 Land cover masking

The land cover masking only makes a difference for F. lugubris (Figure 3.10) and F.

pratensis (Figure 3.11) F. lugubris is associated with a number of woodland habitats,

particularly in the north.  There is a separation between potential suitable climate space in

southern England and that north of a line from the Severn to the Humber, reflecting the

habitat distribution within England.  F. pratensis is limited to heaths particularly in the

Bournemouth area.  There is a separation between potential suitable climate space in central

southern England and the coastal fringes, particularly the south coast.  However, under the

2080s High scenario the trends for potential suitable climate space gain in Scotland and losses

along the south coast are consistent with the climate only model output (c.f. Figure 3.9).

Figure 3.9: Changes in simulated potential suitable climate space for F. pratensis showing

moderate gains in potential suitable climate space (although decreasing by the 2080s) initially

in the north east and north west midlands of England, then the north east and borders and then

the borders and north east of Scotland, particularly areas of the north east highlands and

Aberdeen.  Losses are primarily concentrated in the south east of England.

a) Observed distribution (NBN) b) Simulated potential suitable climate space for

2020s High scenario

c) Simulated potential suitable climate space

for 2050s High scenario

d) Simulated potential suitable climate space for

2080s High scenario



Figure 3.10: The effect of land cover masking on the suitable space for F. lugubris.

a) Observed distribution (NBN) b) Simulated current potential

suitable climate space

c) Simulated current potential

suitable climate space, with land

cover mask

d) Simulated potential suitable

climate space for 2080s High

scenario, with land cover mask

Figure 3.11: The effect of land cover masking on the potential suitable climate space for F.

pratensis.

a) Observed distribution (NBN) b) Simulated current potential

suitable climate space

c) Simulated current potential

suitable climate space, with land

cover mask

d) Simulated potential suitable

climate space for 2080s High

scenario, with land cover mask



3.4.1.3 Bees

Of the 24 bees and wasps with BAP status in Britain and Ireland, only three are considered in

this analysis, as European distributions could not be found for the remainder. These species

are Andrena ferox (a Mining bee), Andrena gravida (Banded mining bee) and Andrena lathyri

(a Mining bee) and a full European distribution was not available. Observations from several

countries were available for these three species and so ENFA was used to generate the

training distribution (Chapter 2).  In Britain and Ireland, A. ferox was recorded twice during

1966 and then only once during 1990.  This species is classified as endangered. There have

been national records for A. gravida from two localities during 1996 and is classified as

vulnerable.  A. lathyri is a relatively new addition to the British species list, being recognised

in 1971 with subsequent museum specimens from the 1950s.  It is classified as endangered.

Both statistics (Kappa and area under the curve (AUC)) indicate that the model trained well

and the fit was good (Appendix 3.4), thus providing confidence in the projections of changes

in potential suitable climate space under the different UKCIP scenarios.

3.4.1.3.1 Gains in potential suitable climate space

All three species show limited gain in potential suitable climate space in the future,

irrespective of whether it is the High or Low scenario chosen (High scenario is illustrated in

Figure 3.12).  Percentage gain for all three species and all UKCIP scenarios is generally

<10%, except for A. lathyri which shows slightly more modest gains (Figure 3.13).

Figure 3.12: Percentage gains in potential suitable climate space.

This suggests that most of Britain and Ireland is simulated to remain to be climatically

suitable for these three species (Figure 3.13) with limited opportunity for expansion and thus

gain in potential suitable climate space.
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Figure 3.13: Changes for A. ferox (a to c) and A. gravida (d to f) from current to 2080s High

simulated potential suitable climate space, showing limited gains.

a) Observed distribution (NBN) b) Simulated current potential

suitable climate space

c) Simulated potential suitable

climate space for 2080s High

scenario

d) Observed distribution (NBN) e) Simulated current potential

suitable climate space

f) Simulated potential suitable

climate space for 2080s High

scenario

3.4.1.3.2 Overlap in potential suitable climate space

As shown in Figure 3.14, the overlap in potential suitable climate space remains high for all

three species, except for A. gravida and A. lathyri in the 2080s when the current and future

potential suitable climate space begin to pull apart, indicated by a reduction in percentage

overlap (to overlaps of 46% and 19% respectively).

Figure 3.14: Overlap between current and future simulated potential suitable climate space.



3.4.1.3.3 Losses in potential suitable climate space

It is only under the 2080s High scenario that there is any large loss in potential suitable

climate space (Figure 3.15 and Figure 3.16).  Losses do increase with time (Figure 3.15).

These losses, when combined with a relatively small gain in potential suitable climate space

suggest that these three species may be very vulnerable to climate change (Figure 3.16.).

Figure 3.15: Losses in potential suitable climate space.

Figure 3.16: Changes in simulated potential suitable climate space for A. lathyri showing

large losses in potential suitable climate space by the 2080s (High scenario) and a

considerable reduction in the percentage overlap between current and future potential suitable

climate space.
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a) ) Observed distribution (NBN) b) Simulated potential suitable climate

space for 2020s High scenario

c) Simulated potential suitable climate

space for 2050s High scenario

d) Simulated potential suitable climate

space for 2080s High scenario

3.4.1.3.4 Land cover masking

The land cover making only makes a difference for A. ferox, which is associated with

broadleaved, mixed and yew woodland and lowland dry acid grassland. It leads to a

separation between potential suitable climate space in southern England and that north of a

line from the Severn to the Humber under the 2080s Medium High and High scenarios

(Figure 3.17), as the southern area becomes increasingly unsuitable.

Figure 3.17: The effect of land cover masking on the potential suitable climate space for A.

ferox.

a) Observed distribution (NBN) b) Simulated current potential

suitable climate space



c) Simulated current potential

suitable climate space, with land

cover mask

d) Simulated potential suitable

climate space for 2080s High

scenario, with land cover mask

3.4.1.4 Beetles

Of the 90 beetles with BAP status in Britain and Ireland, two are considered in this analysis.

These species are Limoniscus violaceus (Violet click beetle) and Lucanus cervus (Stag

beetle).  L. violaceus is considered rare throughout its European range and is only known

from two sites in the UK where it breeds in trunk hollows of ancient trees.  The beetle is listed

in Annex II of the EC Habitats Directive and Schedule 5 of the WCA 1981. It is also listed as

Endangered in the GB Red List.  L. cervus is widespread in southern England particularly

along the Thames Valley.  This species is associated with gardens, and woodland, particularly

if broadleaved and is listed on Annex II of the EC Habitats Directive.

Both the AUC and Kappa statistics indicate that the model trained well and the fit was good

(Appendix 3.4), thus providing confidence in the projections of changes in potential suitable

climate space under the different UKCIP scenarios.

3.4.1.4.1 Gains in potential suitable climate space

Both species show considerable gain in potential suitable climate space in the future,

irrespective of scenario (High scenario is illustrated in Figure 3.18).

Figure 3.18: Percentage gains in potential suitable climate space.
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This is either because almost all of Britain and Ireland is simulated as potential suitable

climate space under each scenario (2080s High is illustrated in Figure 3.19).  L. violaceus

approximately doubles its climate space while L. cervus gains at least 45% new potential

suitable climate space by the 2020s, but not quite doubling by the 2080s.

Figure 3.19: Gains of new potential suitable climate space for L. violaceus (a to c) and L .

cervus (d to f) from current to 2080s High.

a) Observed European

distribution

b) Simulated current potential

suitable climate space

c) Simulated potential

suitable climate space for

2080s High scenario

d) Observed European

distribution

e) Simulated current potential

suitable climate space

f) Simulated potential suitable

climate space for 2080s High

scenario

3.4.1.4.2 Overlap in potential suitable climate space

As shown in Figure 3.20, the overlap in potential suitable climate space remains high for both

species until the 2080s when a decrease is observed (down to an approximate 40% overlap for

L. violaceus and just over 60% overlap for L. cervus.

Figure 3.20: Overlap between current and future simulated potential suitable climate space.



3.4.1.4.3 Losses in potential suitable climate space

It is only under the 2080s High scenario that there is any loss in potential suitable climate

space (Figure 3.21).  For the Low scenarios and the 2020s and 2050s High scenarios there is

little (<10%) or no loss in potential suitable climate space (Figure 3.22).

Figure 3.21: Losses in potential suitable climate space.
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Figure 3.22: Changes in simulated potential suitable climate space for L. violaceus (the trend

is very similar for L. cervus but with a reduced degree of gain of potential suitable climate

space).

a) ) Observed European distribution b) Simulated potential suitable

climate space for 2020s High

scenario

c) Simulated potential suitable

climate space for 2050s High

scenario

d) Simulated potential suitable

climate space for 2080s High

scenario

3.4.1.5 Birds

26 birds have BAP status in Britain and Ireland and while all of them had an AUC over 0.9

which is good and only one Sterna dougallii (Roseate tern) showed only fair agreement using

kappa (Appendix 3.4). Despite the good European match the model did not reasonably

simulate current potential suitable climate space in Britain and Ireland for six species, and so

these have been omitted from the statistical analysis. The six species: Acrocephalus

paludicola (Aquatic warbler), Acrocephalus palustris (Marsh warbler), Botaurus stellaris

(Bittern), Crex crex (Corncrake), Jynx torquila (Wryneck) and Lanius collurio (Red-backed

shrike) were mostly found in eastern and central Europe and no suitable potential suitable

climate space was simulated in Britain and Ireland, thus no changes were projected.

3.4.1.5.1 Gains in potential suitable climate space

Many of the birds show little gain in potential suitable climate space in the future (Figure

3.23). This may be a function of them already being widespread in Britain and Ireland, such

as Passer montanus (Tree sparrow) or it may be a result of them being at their southern range

margin in Britain, such as  Tetrao urogallus  (Capercaillie), and thus there is no new potential

suitable climate space



Figure 3.23: Percentage gains in potential suitable climate space.
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This is either because almost all of Britain and Ireland is simulated as potential suitable

climate space, such as for A. arvensis, or because they are northern species, such as Loxia

scotica (Scottish crossbill) and Melanitta nigra (Scoter) that mostly or only lose potential

suitable climate space. Five species more than double their potential suitable climate space:

Burhinus. oedicnemus (Stone curlew) by the 2080s Caprimulgus europaeus (Nightjar) by the

2020s, Emberiza cirlus (Cirl bunting) by the 2020s, Lullea. arborea (Woodlark) by the 2050s

and Streptopelia turtur (Turtle dove) by the 2020s. Of these, C. europaeus has a very small

initial suitable climate space and so the overall new suitable climate space is relatively small,

but this is a consequence of its undersimulation relative to its actual distribution. B .

oedicnemus has suitable climate space increasing from its current distribution, so much of

Britain and Ireland is suitable by the 2080s (Figure 3.24).

3.4.1.5.2 Overlap in potential suitable climate space

The overlap in potential suitable climate space for all most all species decreases between the

2020s and 2080s (Figure 3.25). The species with significant decreases between these time

periods (i.e. more than 50%) are: Emberiza schoeniclus (Reed bunting), Perdix perdix

(Partridge), Pyrrhula pyrrhula (Bullfinch), S. dougallii, Tetrao tetrix (Black grouse), T.

urogallus and Turdus philomelos (Song thrush). These are either species for which Britain

and Ireland represent almost totally potential suitable climate space, such as E. schoeniclus or

species, such as T. tetrix, which are found in the northern half of Britain and Ireland, but both

progressively lose potential suitable climate space from the southern part of their range

northwards (Figure 3.26). It is the species which are gaining large amounts of potential

suitable climate space, as described above, that maintain a high percentage overlap between

current and future potential suitable climate space.



Figure 3.24: Changes for C. europaeus (a to c) and B. oedicnemus (d to f) from current to

2080s High simulated potential suitable climate space, showing gains of new potential

suitable climate space.

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space

c) Simulated potential suitable

climate space for 2080s High

scenario

d) Observed distribution

(NBN)

e) Simulated current potential

suitable climate space

f) Simulated potential suitable

climate space for 2080s High

scenario

Figure 3.25: Overlap between current and future simulated potential suitable climate space.
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Figure 3.26: Changes for E. schoeniclus (a to c) and T. tetrix (d to f) from current to 2080s

High simulated potential suitable climate space, showing a high loss of overlap.

a) Observed distribution

(Gibbons et al.,1993)

b) Simulated current potential

suitable climate space

c) Simulated potential suitable

climate space for 2080s High

scenario

d) Observed distribution

(Gibbons et al.,1993)

e) Simulated current potential

suitable climate space

f) Simulated potential suitable

climate space for 2080s High

scenario

3.4.1.5.3 Losses in potential suitable climate space

The number of species with little (<10%) or no loss in potential suitable climate space

decreases from the 2020s through to the 2080s (Figure 3.27) and it is not until the 2050s that

any species shows a decrease of 75 to <90% and the 2080s for 90 to 100% loss. The seven

species in the latter category are: L. scotica, M. nigra, P. perdix, Phalaropus lobatus (Red-

necked phalarope), S. dougallii, T. tetrix and T. urogallus. For all these there are only a few

suitable locations remaining on the Cairngorms and the north west coast of Scotland, and, as

in the case of L. scotica, the latter do not overlap with its current distribution (Figure 3.28).



Figure 3.27: Losses in potential suitable climate space.
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Figure 3.28: Changes in simulated potential suitable climate space for L. scotica

a) Observed distribution (Gibbons et

al.,1993)

b) Simulated potential suitable climate

space for 2020s High scenario

c) Simulated potential suitable

climate space for 2050s High

scenario

d) Simulated potential suitable climate

space for 2080s High scenario

Scenario



3.1.4.5.4 Land cover masking

The only species for which this makes a difference is L. scotica, where the mask restricts the

southern part of the simulated potential suitable climate space (Figure 3.29).

Figure 3.29: Effect of land cover masking in restricting the potential suitable climate space for

L. scotica.

a) Simulated current climate

space

b) Simulated current climate

space, with land cover mask

c) Simulated potential suitable

climate space for 2020s High

scenario

d) Simulated potential

suitable climate space for

2020s High scenario, with

land cover mask

e) Simulated potential suitable

climate space for 2050s High

scenario

f) Simulated potential suitable

climate space for 2050s High

scenario, with land cover mask

3.4.1.6 Butterflies

Eleven butterflies have BAP status in Britain and Ireland and all are included in this analysis.

Information regarding the species, their habitats and their status is given on the BAP website

(www.ukbap.org.uk).

Both the AUC and Kappa statistics indicate that the model trained well and the fit was very

good (Appendix 3.4), thus providing confidence in the predictions of changes in climate space

under the different UKCIP scenarios.  Only one species, L. dispar has a low Kappa but it has

a high AUC indicating a reasonable fit between modelled and actual distribution.



3.4.1.6.1 Gains in potential suitable climate space

Many of the butterflies show gain in potential suitable climate space in the future (Figure

3.30).  Indeed, Argynnis adippe (High brown fritillary), Carterocephalus palaemon

(Chequered skipper), Eurodryas aurinia (Marsh fritillary), Hesperia comma (Silver-spotted

skipper), Polyommatus. bellargus (Adonis blue), Maculinea arion (Large blue butterfly),

Mellicta athalia (Heath fritillary), and Plebejus argus (Silver-studded blue) all show gains of

potential suitable climate space in all three time periods.  However, as to be expected, the

majority of species also show losses except for P. argus which is the only butterfly species to

show gain, 100% overlap and no loss (Figure 3.31).  Indeed, Figure 3.31 demonstrates that

almost all of Britain and Ireland might become potential suitable climate space for this

currently southerly distributed species.

Figure 3.30: Percentage gains in potential suitable climate space.

Figure 3.31: Changes for Plebejus argus from current to 2080s High simulated potential

suitable climate space, showing gains of new potential suitable climate space.

a) Observed distribution (NBN) b) Simulated current potential

suitable climate space

c) Simulated potential suitable

climate space for 2080s High

scenario
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3.4.1.6.2 Overlap in potential suitable climate space

Although there is considerable overlap in current and future potential suitable climate space, a

general decrease is recorded between the 2020s and 2080s (Figure 3.32).  This is supported by

the increase in the >10% overlap category between the 2020s and 2050s, where no species

was recorded as having very low or no overlap in the 2020s, but three of the 11 species had

low or no overlap by the 2080s.  It is the species which are gaining large amounts of potential

suitable climate space, as described above, that maintain a high percentage overlap between

current and future potential suitable climate space, at least until the 2080s.

Figure 3.32: Overlap between current and future simulated potential suitable climate space.

3.4.1.6.3 Losses in potential suitable climate space

The percentage losses of potential suitable climate space increase with time (Figures 3.33,

3.34 and 3.35).  The majority of the species do not show any losses until the 2080s, and P.

argus is the only species that does not suffer a loss of potential suitable climate space by this

date (Figure 3.31).  Aricia artaxerxes (Northern brown argus) is the only species to show a

loss with no gain at all, Boloria euphrosyne (Pearl-bordered fritillary) is similar but gains new

climate space in the 2080s.  C. palamon and Lycaena dispar (Large copper butterfly) are the

only two species to show a 100% loss of their original suitable potential suitable climate

space by the 2080s.  So, their potential suitable climate space under the 2080s High scenario

is completely disjunct from its current potential suitable climate space.
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Figure 3.33: Changes for Aricia artaxerxes from current to 2080s High simulated potential

suitable climate space.

a) Observed distribution (NBN) b) Simulated current potential

suitable climate space

c) Simulated potential suitable

climate space for 2080s High

scenario

Figure 3.34: Losses in potential suitable climate space for butterflies.
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Figure 3.35: Changes in simulated potential suitable climate space for Boloria euphrosyne.

This is almost a “text book” example where there are a few gains with considerable overlap in

the 2020s, an increased amount of gained potential suitable climate space with overlap being

largely consistent and the start of some loss of potential suitable climate space by the 2050s.

Then there is a distinct north-east shift in potential suitable climate space, with gains in

Scotland and considerable losses in the south of England and central Ireland.

a) Observed distribution (NBN) b) Simulated potential suitable climate space for

2020s High scenario

c) Simulated climate space for 2050s High

scenario

d) Simulated potential suitable climate space for

2080s High scenario

3.4.1.6.4 Land cover masking

The land cover masking only makes a difference for H. comma which is just associated with

lowland calcareous grassland under the future scenarios (Figure 3.36) and for M. athalia

which is primarily associated with broad-leaved woodland.



Figure 3.36: The effect of land cover masking for H. comma.

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space

c) Simulated current potential

suitable climate space, with

land cover mask

d) Simulated potential suitable

climate space for 2050s High

scenario

e) Simulated potential suitable

climate space for 2050s High

scenario, with land cover mask

f) Simulated potential suitable

climate space for 2080s High

scenario, with land cover mask

3.4.1.7 Damselflies

Only one species of damsel and dragonflies have BAP status in Britain and Ireland (UK BAP

website): Coenagrion mercuriale (the Southern Damselfly).  It is globally threatened and has

suffered a 30% decline in its distribution since 1960.  It generally favours heathland streams

and runnels for breeding.  This species is listed on Annex II of the EC Habitats Directive, and

Appendix II of the Bern Convention. It is listed as Rare in the GB Red List.

The AUC statistic indicates that the model trained well and the fit was good (Appendix 3.4),

but the kappa suggested only fair agreement due to its patchy European observed distribution

and the oversimulation of its potential suitable climate space at this scale. The simulation of

its potential suitable climate space in Britain appears better.

3.4.1.7.1 Change in potential suitable climate space

Under all three UKCIP scenarios, C. mercuriale gains considerable potential suitable climate

space without losing any overlap between future and current potential suitable climate space

or losing potential suitable climate space in general (Figure 3.37).

Large areas of Britain and Ireland are simulated as potential suitable climate space under all

scenarios, with this species gaining 341% potential suitable climate space by the 2020s (High

scenario), 524% by the 2050s (High scenario) and 623% by the 2080s (High scenario). These

large gains are a consequence of a relatively simulated potential suitable climate space under

current climate.



Figure 3.37: Changes in simulated potential suitable climate space for C. mercuriale.

a) ) Observed distribution (NBN) b) Simulated potential suitable climate

space for 2020s High scenario

c) Simulated potential suitable climate

space for 2050s High scenario

d) Simulated potential suitable climate

space for 2080s High scenario

3.4.1.8 Lichens

The difficulty of obtaining European distributions for lichens meant that for six of the species

only selected presence data was available and thus ENFA was used to generate absences for

input into the SPECIES model (see Chapter 2 for details). For Caloplaca luteoalba (Orange-

fruited elm lichen) and Cladonia botrytes (Stump lichen) range distributions were available,

and a presence/absence distribution for Peltigera lepidophora (Ear lobed dog lichen). No

current potential suitable climate space was simulated in Britain and Ireland for the latter and

thus it was omitted from the statistical analysis.

3.4.1.8.1 New potential suitable climate space

The lichens all gained less than 10% new potential suitable climate space under all future

scenarios. This is partly a function of the simulated current potential suitable climate space,

for some species, like Buellia asterella (Starry breck lichen) and Schismatomma

graphidioides, being grossly oversimulated for Britain and Ireland relative to their actual

distribution, with the land cover mask having little effect (Figure 3.38).



Figure 3.38: Oversimulation of suitable current potential suitable climate space for

Schismatomma graphidioides.

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space

c) Simulated current potential

suitable climate space, with

land cover mask

The oversimulation can be a function of the species having a wide range of scattered recorded

observations in Europe (Figure 3.39) and SPECIES model has difficulty in training.

Figure 3.39: Oversimulation of potential suitable climate space in Europe for Buellia

asterella.

a) Observed European distribution b) Simulated European current

potential suitable climate space

3.4.1.8.2 Overlap of potential suitable climate space

Most species had over 75% overlap for the 2020s and for the 2050s Low scenario, but one

species, C. botrytes, had less than 25 % overlap (Figure 3.40). The amount of overlap

decreased for most species under the other scenarios, especially the 2080s High. C. botrytes

and Biatoridium monasteriense both have less than 10% overlap under this scenario (Figure

3.41).

3.4.1.8.2 Losses in potential suitable climate space

While initially most species have small losses in potential suitable climate space, these

increase through time (Figures 3.41 and 3.42). The species which lose the most under the

2080s High scenario are C. botrytes and B. monasteriense, with no potential suitable climate

space projected to remain (Figure 3.43).



Figure 3.40: Percentage overlap in potential suitable climate space.
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Figure 3.41: Progressive loss of overlap of suitable climate space for Biatoridium

monasteriense.

a) Simulated current climate

space

b) Simulated climate space for

2020s High scenario

c) Simulated climate space for

2080s High scenario

These figures need to viewed with some caution, especially for those species for which

potential suitable climate space climate space was oversimulated, as loss of overlap and losses

of potential suitable climate space climate space are not realistic relative to their actual

distribution.

Figure 3.42: Percentage losses in potential suitable climate space.
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Figure 3.43: Loss of potential suitable climate space for Cladonia botrytis

a) Simulated current potential suitable climate

space

b) Simulated potential suitable climate space

for the 2020s High

c) Simulated potential suitable climate space

for the 2050s High

d) Simulated potential suitable climate space

for the 2080s High

3.4.1.8.2 Land cover masking

For the lichens, the land cover mask only made a significant difference to available potential

suitable climate space for B. asterella and Catapyrenium psoromoides (Tree catapyrenium),

as the former is restricted to calcareous grassland and the latter to broad leaved mixed and

yew woodland and upland ashwoods, but even then the potential suitable climate space is still

oversimulated (Figure 3.44). Until recently, it was only known in the UK on one tree, in east

Perthshire, but there is a site in Wales and it has been discovered in Devon. Only one of these

sites is shown on the NBN map (Figure 3.44a), highlighting the need for caution in using

distribution data from this source as it is not systematically collected and is dependent on

submission by recorders and other data holders.



Figure 3.44: The effect of land cover masking on available potential suitable climate space for

Catapyrenium psoromoides.

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space

c) Simulated current potential

suitable climate space, with

land cover masking

d) Simulated potential suitable

climate space for 2020s High

scenario

e) Simulated potential suitable

climate space for 2020s High

scenario, with land cover

masking

f) Simulated potential suitable

climate space for 2080s High

scenario, with land cover

masking

3.4.1.9 Mammals

Ten of the European neural networks had an AUC statistic of greater than 0.9 indicating very

good discrimination ability for all species except Barbastella barbastellus (Barbastelle bat),

which was 0.89. The maximum Kappa statistic is slightly lower for most species, but this is to

be expected as the index can vary between 0 and 1. Five species show very good agreement of

0.7 or above, five are good (between 0.55 and 0.7) and one (Lutra lutra, otter) is poor, but the

simulated current suitable climate space in Britain and Ireland matched the observed

distribution well.

3.4.1.9.1 New potential suitable climate space

More than half of the species experienced more than a doubling of potential suitable climate

space under future scenarios (Figure 3.45). These are species which are found in southern

England, with some in Ireland too and thus their simulated potential suitable climate space

expands northwards (Figure 3.46). Three species: Arvicola terrestris (Water vole), L. lutra

and Pipistrellus pipistrellus (Pipistrelle bat) had a less than 10% increase. In the case of A.

terrestris, it is because there is little gain, but for the other two it is due to most of Britain and

Ireland being simulated as potentially suitable.



Figure 3.45: Percentage gains in new potential suitable climate space.

Figure 3.46: Gains and losses in potential suitable climate space for Myotis bechsteinii

(Bechsteins bat).

a) Observed distribution

(NBN)

b) Simulated current potential
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c) Simulated potential

suitable climate space for the

2020s High

d) Simulated potential

suitable climate space for

the 2050s High

e) Simulated potential suitable

climate space for the 2080s

High
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3.4.1.9.2 Overlap in potential suitable climate space

As can be seen from Figure 3.47, most species have more than 50% overlap between their

current and future simulated potential suitable climate space. Under the 2080s High scenario,

three species: A. terrestris, Muscardinus avellanarius (Dormouse) and M. bechsteinii,

suddenly have a less than 10% overlap (Figure 3.46).

Figure 3.47: Overlap in potential suitable climate space.

3.4.1.9.3 Losses in potential suitable climate space

The number of species in the percentage loss in potential suitable climate space classes is

almost a mirror image of those for the overlap, with most species experiencing little loss in

potential suitable climate space (Figure 3.48). The three species with over 90% loss of

potential suitable climate space are the same three that also have a low overlap under the

2080s High scenario and the losses are from southern and central England.

Figure 3.48: Losses in potential suitable climate space.
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3.4.1.9.4 Land cover masking

For the majority of species the land cover mask makes little or no difference to available

suitable space, but in the case of M. avellanarius, the inclusion of the land cover mask leads

to an increasing disjunction between much of the current simulated and new potential suitable

climate space (Figure 3.49). The ability of M. avellanarius to track these changes is open to

question as is the suitability of the woodland in northern England and Scotland.

Figure 3.49: Losses in potential suitable climate space for Muscardinus avellanarius

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space

c) Simulated potential

suitable climate space for

the 2020s High

d) Simulated potential

suitable climate space for the

2020s High, with land cover

mask

e) Simulated potential suitable

climate space for the 2080s

High

f) Simulated potential

suitable climate space for

the 2080s High, with land

cover mask

0

2

4

6

8

10

12

0 to

<10

10 to

<25

25 to

<50

50 to

<75

75 to

<90

90 to

100

% losses in potential suitable climate space

N
u

m
b

e
r
 o

f
 s

p
e
c
ie

s
2020s L

2020s H

2050s L

2050s H

2080s L

2080s H



The only other species whose potential suitable climate space is affected by the application of

the mask is S. vulgaris, but in this case there is more overlap remaining (Figure 3.50).

3.4.1.10 Molluscs

Five molluscs, four from the Vertigo genus and Margaritifera margaritifera (Freshwater pearl

mussel), were modelled. Of the European trained models, all had an AUC of over 0.9,

meaning good agreement (Appendix 3.4), but two had poor agreement for the kappa statistic.

Both Vertigo genesii (Round-mouthed whorl snail) and Vertigo geyeri (Whorl snail), have a

strong Arctic Alpine distribution in Europe and the model tends to oversimulate both current

European and British and Irish potential suitable climate space. In the case of the latter

though, this is not simulated to extend into Britain and Ireland, although the suitability

surfaces do show some presence here. The European observed distribution does not entirely

reflect the British and Irish distribution and when the model was re-run to include the latter

there was little improvement.

Figure 3.50: Losses in potential suitable climate space for S. vulgaris.

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space

c) Simulated current

potential suitable climate

space with land cover mask

d) Simulated potential

suitable climate space for the

2020s High, with land cover

mask

e) Simulated potential suitable

climate space for the 2080s

High

f) Simulated potential

suitable climate space for

the 2080s High, with land

cover mask

3.4.1.10.1 New potential suitable climate space

M. margaritifera shows no gain in potential suitable climate space, as it is simulated to occur

almost all over Britain and Ireland (Figure 3.51). Vertigo moulinsiana (Desmoulin’s whorl

snail) should gain some potential suitable climate space (Figure 3.52), while the other two

show over 100% increase.



Figure 3.51: Percentage gains in potential suitable climate space.

Figure 3.52: Gains and losses in potential suitable climate space for V. moulinsiana

a) Simulated current potential

suitable climate  space

b) Simulated potential suitable

climate space for the 2020s High

c) Simulated potential suitable

climate space for the 2050s

High

d) Simulated potential suitable

climate space for the 2080s High

3.4.1.10.2 Overlap in potential suitable climate space

Overlap is maintained for the molluscs up to the 2050s Low scenario and then it decreases

(see Figures 3.52 and 3.53), especially for V genesii, such that there is no overlap under the

2080s High scenario.

Figure 3.53: Overlap in potential suitable climate space.
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3.4.1.10.3 Loss of potential suitable climate space

All species experience increasing loss with time, especially under the 2050s High and 2080s

scenarios (Figure 3.54), but the greatest loss is for V. genesii which loses all potential suitable

climate space under the 2080s High scenario. This is partly a consequence of being a more

northern species and thus it is unable to move its climate space northwards in Britain or to

increasingly higher altitudes

Figure 3.54: Losses of potential suitable climate space.

Figure 3.55: Losses of potential suitable climate space for M. margaritifera.
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a) Simulated current potential

suitable climate space

b) Simulated potential

suitable climate space for the

2020s High

c) Simulated potential suitable

climate space for the 2020s

High, with land cover mask

d) Simulated potential

suitable climate space for the

2080s High

3.4.1.10.4 Land cover masking

The land cover masking makes no difference to any of the simulated potential suitable climate

space, either because the species is associated with a number of habitats types and/or because

the habitats are found widely in Britain and Ireland.

3.4.1.11 Mosses

The SPECIES model was run for three mosses: Lycopodiella inundata, Sphagnum balticum

and Sematophyllum demissum, which is a small subset of all of the mosses for which a BAP

exists, as complete European distributions were extremely difficult to find.

All the moss species had an AUC value of over 0.9 indicating very good discrimination

ability for the species.  The maximum kappa value is slightly lower, but still indicating very

good agreement for two of them , but the  kappa for S. demissum is very low (0.3) indicating

poor agreement.

3.4.1.11.1 Gains in potential suitable climate space

Neither of S. balticum and S. demissum show any gains in potential suitable climate space

under any scenario. Even though the neither of the species are projected to have any

percentage gains in potential suitable climate space, their current distributions are very

different from each other with S. demissum being simulated across a wide area but S. balticum

not being simulated in the Britain for the current climate.  This highlights an issue of data

quality with respect to the distributions which the model uses.  In cases such as S. demissum,

the British and Irish distribution from the observed European distribution which was used as



input to the model is different from the British and Irish observed distribution from NBN

(Figures 3.56).

Figure 3.56: Differences in UK observed distribution and simulated potential suitable climate

space for S. demissum.

a) Observed distribution

(NBN)

b) UK simulated current

potential suitable climate

space

c) UK portion of the model

simulated European Distribution

Although the thresholded maps do not predict any gains for the species S. balticum, the

probability maps do predict some potential suitable climate space, but due to the threshold

used this is not represented on the presence/absence maps (Figure 3.57).

Figure 3.57: Climate suitability surface maps for S. balticum.

a) 2020s High potential suitable

climate space (unthresholded)

b) 2050s High potential suitable

climate space (unthresholded)

L. inundata in contrast has large gains of 70-99% in potential suitable climate space under the

2020s and 2050s scenarios

3.4.1.11.2 Overlap in potential suitable climate space

The species exhibit marked differences in terms of the percentages of overlap of potential

suitable climate space.  This is due to the different British and Irish current simulated



potential suitable climate space.  S. balticum has a very small amount of current potential

suitable climate space and, therefore, has a much smaller overlap, which decreases with future

Figure 3.58: Gains in potential suitable climate space for L. inundata.

a) Simulated current potential suitable

climate  space

b) Simulated potential suitable

climate space for the 2020s High

c) Simulated potential suitable climate

space for the 2050s Low

d) Simulated potential suitable

climate space for the 2050s High

scenarios (Figure 3.59).  S. demissum, however, had a large simulated current British and Irish

potential suitable climate space and therefore has a larger overlap of potential suitable climate

space in the future scenarios (Table 3.6).

Table 3.6: Overlap in potential suitable climate space.

Overlap

2020s L 2020s H 2050s L 2050s H 2080s L 2080s H

% of overlap

0 to <10 0 0 0 0 0 1

10 to <25 0 0 0 1 1 0

25 to <50 0 1 1 0 0 0

50 to <75 1 0 0 0 1 2

75 to 100 2 2 2 2 1 0

Figure 3.59: Changes in simulated potential suitable climate space for the two mosses

showing a large overlap in potential suitable climate space (a) S .demissum (b and c) a small

and decreasing amount for S. balticum.



a) Simulated potential suitable

climate space for the 2020s

High

b) Simulated potential suitable

climate space for the 2020s High

c) Simulated potential suitable

climate space for the 2050s High

3.4.1.11.3 Losses in potential suitable climate space

The losses in potential suitable climate space increase into the future scenarios with the

largest losses of 99.7% being projected for the 2080s High scenario for S. balticum (Table 3.7

and Figure 3.60).  The highest loss of current potential suitable climate space (34%) for S.

demissum is 34% and is projected for the 2080s High scenario.

Table 3.7: Percentage losses in potential suitable climate space.

Lost climate space

2020s L 2020s H 2050s L 2050s H 2080s L 2080s H

% of loss

0 to <10 2 2 2 2 0 0

10 to <25 0 0 0 1 1 0

25 to <50 1 0 0 0 1 2

50 to <75 0 1 1 0 0 0

75 to <90 0 0 0 1 1 0

90 to 100 0 0 0 0 0 1

As for the majority of species modelled, the losses in potential suitable climate space are

occurring at the most southerly reaches of the potential suitable climate distribution and

become more severe under the 2080s scenarios.

Figure 3.60:  The most significant losses in potential suitable climate space are for the 2080s

scenarios, shown here for L. inundata (for current potential suitable climate space see Figure

3.58).

a) Simulated potential

suitable climate space for

2080s Low

b) Simulated potential

suitable climate space for

2080s Medium High

c) Simulated potential suitable

climate space for 2080s High

3.4.1.11.4 Land cover masking



Land cover masking has a different effect on species.  For S. balticum, the masking procedure

masks out any potential suitable climate space in all scenarios.  However, L. inundata and S.

demissum are not so affected by the procedure and retain much of their projected potential

suitable climate space.  The most notable changes are in the south eastern and eastern England

and Ireland (Figure 3.61).

Figure 3.61 Effects of land cover masking on S.demissum.

a) Potential suitable climate space for S.

demissum 2080s High unmasked

b) Potential suitable climate space for S.

demissum 2080s High masked

3.4.1.4.12 Reptiles

The SPECIES model was run for one reptile – Lacerta agilis (Sand lizard). The AUC statistic

for this species was high at 0.98 with the maximum kappa being 0.80 showing very good

agreement between the actual and current simulated European potential suitable climate

space, but in Great Britain its potential suitable climate space is slightly undersimulated

compared with its observed distribution.

3.4.1.12.1 Gains in potential suitable climate space

L. agilis shows significant gains in potential suitable climate space under all scenarios with

the most significant gains in the earlier time periods (Table 3.8 and Figure 3.62).  This

indicates that the species prefers the lower climate scenarios, i.e. the 2020s and 2050s Low,

rather than the warmer 2080s.

Table 3.8:  Percentage gains in new potential suitable climate space.

Scenario %Gain

2020s High 76.46.

2020s Low 74.39

2050s High 37.55

2050s Low 71.39

2080s High 17.00

2080s Low 50.14

Even though the species exhibits significant gains, often doubling its potential suitable

climate space, when the land cover masking procedure is applied, the species is shown to

have few suitable land cover types within its newly projected potential suitable climate space,

but given its observed distribution it appears that the land cover masking is too restrictive

(Figures 3.62 and 3.63).



Figure 3.62: Current and simulated potential suitable climate space for L. agilis with and

without habitat masking.

a) Current Distribution (NBN) b) Simulated current potential

suitable climate space

c) Masked simulated current

potential suitable climate

space

Figure 3.63: The decrease in percentage gains in potential suitable climate space (unmasked)

through time.

a) 2020s Low (74% gain) b) 2050s High (37% gain) c) 2080s High (17% gain)

3.4.1.12.2 Overlap in potential suitable climate space

For the three lower scenarios (2020s and 2050s Low) L. agilis has a large (>70% in 2020s)

overlap in potential suitable climate space (Table 3.9).  However, there is a marked drop to

<5% overlap for the 2050s High scenario and for the 2080s time slices (Figure 3.63).

Table 3.9: Percentage overlap in potential suitable climate space.

Scenario % overlap

2020s High 71.55

2020s Low 79.73

2050s High 0.443

2050s Low 34.82

2080s High 0

2080s Low 3.38

3.4.1.1.2.3Losses in potential suitable climate space

The losses in suitable potential climate space increase under the future scenarios, and it can be

seen from Table 3.10 and Figure 3.64 that the largest losses occur with the 2050s High and



2080s scenarios. Under the latter, all overlap between the current distribution of L. agilis and

its future potential suitable climate space is lost.

Table 3.10:  Percentage losses in potential suitable climate space.

Scenario % losses

2020s High 28.44

2020s Low 20.27

2050s High 99.56

2050s Low 65.18

2080s High 100

2080s Low 96.62

Figure 3.64:  Comparison of potential suitable climate space losses for L. agilis under varying

scenarios (unmasked).

a) Simulated potential suitable

climate space for the 2020s High

b) Simulated potential suitable

climate space for the 2050s Low

c) Simulated potential suitable

climate space for the 2080s

High

3.1.4.12.4. Land cover masking

The application of the in land cover masking for suitable habitats for L. agilis renders the

majority of the potential suitable climate space unsuitable with none remaining under the

2080s scenarios (Figure 3.65), but as has already been noted the land cover mask is

apparently too restrictive.

Figure 3.65:  Comparison of potential suitable climate space losses (red) for L. agilis under

varying scenarios (with habitat masking).



a) Simulated potential suitable

climate space for the 2020s High

b) Simulated potential suitable

climate space for the 2050s Low

c) Simulated potential suitable

climate space for the 2080s High

3.4.1.13 Vascular Plants

The SPECIES model was applied to 38 BAP vascular plants, as it could not be run for those

species which are endemic in Britain and Ireland, such as Coincya wrightii (Lundy cabbage),

as there is no wider European distribution on which to train the model to capture the species’

response to the projected climates under the future scenarios. For five species: Alisma

gramineum (Rib-leaved water-plantain), Cypridium calceolus (Lady’s slipper orchid), Najas

flexilis (Slender naiad), Najas marina (Holly-leaved naiad) and Potamogeton rutilus

(Shetland pondweed) no suitable climate space was simulated for Britain and Ireland in the

European simulated suitable climate space. This was either due to the European observed

distribution showing no presences in Britain and Ireland (P. rutilus) or showing a very much

reduced distribution here (N.  flexilis). In these cases the observed distribution for Britain and

Ireland was added into the observed European distribution and the model re-run. This led to

suitable potential climate space being appropriately simulated for N.  flexilis and P. rutilus

(Figure 3.66), but not for the other species, so these were omitted from the statistical analysis.

For C. calceolus, only two grid squares were simulated as potentially suitable, but they were

not suitable under any future scenario.

3.4.1.13.1 Gains in potential suitable climate space

Nearly half the species have less than 10% gain in potential suitable climate space in the

2020s, although this number decreases during the twenty first century as those species with

southern distributions have the potential to expand (Figure 3.67). Four species: Apium repens

(Creeping marshwort), Leersia oryzoides (Cut-grass), Scleranthus perennis ssp. prostratus

(Prostrate perennial knawel) and Thlaspi perfoliatum (Cotswold pennycress) have the

potential to more than double their potential suitable climate space under both the 2020s and

the 2050s Low scenarios. In the case of the latter two it is a consequence of a relative small

simulated current potential suitable climate space (Figure 3.67). Under the 2050s High and

both the 2080s scenarios, two other species: Asparagus officinalis ssp. prostratus (Wild

Asparagus) and Sium latifolium (Great water parsnip) also have the potential to more than

double their potential suitable climate space.

Figure 3.66: The improvement in simulated potential suitable climate space with adding the

observed distribution for Britain and Ireland into the European observed distribution for

model training, for N.  flexilis above and P. rutilus below.

a) Observed European

distribution, without Britain

and Ireland distribution

b) Simulated European

potential suitable climate

space, without addition of

observed distribution for

Britain and Ireland

c) Simulated European

potential suitable climate

space,  wi th  observed

distribution for Britain and

Ireland



d) Observed European

distribution, without Britain

and Ireland distribution

e) Simulated European

potential suitable climate

space, without addition of

observed distribution for

Britain and Ireland

f) Simulated European

potential suitable climate

space,  wi th  observed

distribution for Britain and

Ireland

Figure 3.67: Percentage gains in potential suitable climate space for vascular plants.
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3.4.1.1.3.2Overlap in potential suitable climate space

Two thirds of the species had 75 % or more overlap between current simulated and 2020s

potential suitable climate space. The percentage decreases slightly in the 2050s, more so

under the High scenario, but this is largely the result of percentage overlap just dropping into

the next class. The 2080s High, however, shows a dramatic drop of over 50% in the number

in this category. For three species: A. repens, S. perennis ssp. prostratus and S. latifolium the

decrease is severe and results in them having less than 10% overlap between current and

potential suitable climate space under the 2080s High scenario (Figures 3.68 to 3.70),

although in these cases there is plenty of new potential suitable climate space available

beyond their current distribution. For the remainder, they still have over 50% overlap between

their current and 2080s High potential suitable climate space.

Figure 3.68: Changes for L. oryzoides (a to c) and T. perfoliatum (d to f) from current to

future simulated potential suitable climate space, showing gains of new potential suitable

climate space.



a) Observed distribution (NBN) b) Simulated current potential

suitable climate space

c) Simulated potential suitable

climate space for 2050s Low

scenario

d) Observed distribution (NBN) e) Simulated current potential

suitable climate space

f) Simulated potential suitable

climate space for 2080s High

scenario

Figure 3.69: Overlap between current and future simulated potential suitable climate space.
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Figure 3.70: Changes in simulated potential suitable climate space for S. latifolium showing

changes in overlap between current and future new potential suitable climate space.

a) Observed distribution (NBN) b) Simulated current potential

suitable climate space

c) Simulated potential suitable

climate space for 2020s High

scenario

d) Simulated potential suitable

climate space for 2050s High

scenario

e) Simulated potential suitable

climate space for 2080s Low

scenario

f) Simulated potential suitable

climate space for 2080s High

scenario



3.4.1.13.2 Losses in potential suitable climate space

The losses in potential suitable climate space increase, especially under the 2050s and 2080s

High scenarios (Figure 3.71), with three species: Filago lutescens (Red-tipped cudweed),

Gentianella uliginosa (Dune gentian) and Liparis loeselii (Fen orchid) losing over 99% of

their suitable potential suitable climate space under the former and a further three: Carex

muricata spp muricata (Prickly sedge), Saxifraga hirculus (Yellow marsh saxifrage) and

Melampyrum sylvaticum(Small cow-wheat) under the latter (Figure 3.70).

Figure 3.71: Losses in potential suitable climate space.
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Figure 3.72: Changes for F. lutescens (a to c) and S. hirculus (d to f) from current to future

simulated potential suitable climate space, showing losses of potential suitable climate space.

a) Observed distribution

(NBN)

b) Simulated current potential

suitable climate space.

c) Simulated potential suitable

climate space for 2050s Low

scenario.

d) Observed distribution

(NBN)

e) Simulated current potential

suitable climate space

f) Simulated potential suitable

climate space for 2080s High

scenario



3.4.1.13.3 Land cover masking

Once again land cover masking makes little or no difference to the majority of species, it only

has an effect where the species is confined to restricted habitat types. It is best seen in the case

of A. officinalis ssp. prostratus, which is associated with lowland heathland and maritime

cliffs and slopes, and S.  perennis ssp. prostratus, which is associated with lowland acid

grassland, both of which have particular large gains in potential suitable climate space (Figure

3.73).

Figure 3.73: Effects of land cover masking on potential suitable climate space.

a) Observed distribution

(NBN)

b) Simulated potential

suitable climate space for

2020s High scenario, without

land cover masking

c) Simulated potential suitable

climate space for 2020s High

scenario, with land cover

masking

d) Simulated potential suitable

climate space for 2050s High

scenario

e) Simulated potential

suitable climate space for

2050s High scenario, with

land cover masking

f) Simulated potential suitable

climate space for 2080s High

scenario, with land cover

masking

3.5 Results – 50km resolution

The reliability of the observed European distribution was an issue than continued to be

addressed when re-modelling at the 50km resolution, as more reliable distributions became

available as a result of the workshop. For some species, such as N. flexilis and P. rutilus, the

observed Britain and Ireland distribution was added to the European observed distribution in

order to provide a more accurate distribution for model training (Figure 3.66), based on a

comparison of the two distributions. For a few, better European distributions were provided

by taxonomic experts and their use led to the increase in the kappa statistic; in the case of F.

lutescens this was from 0.54 to 0.7 (Figure 3.74). Also, once the observed British and Irish

distributions were overlain on current potential suitable climate space, then it was possible to

see where further amendments could be made to the European observed distribution to better



Figure 3.74: The improvement in simulated potential suitable climate space for F. lutescens

with a revised European observed distribution for model training.

a) Observed European

distribution, without

Britain and Ireland

distribution

b) Simulated European

potential suitable climate

space, without addition of

observed distribution for

Britain and Ireland

c) Simulated European potential

suitable climate space, with

observed distribution for Britain

and Ireland

represent the distribution in Britain and Ireland. This was particularly the case for birds and

butterflies where data for Britain and Ireland was obtained from BTO and Butterfly

Conservation respectively.   In the case of Euphydryas aurinia, for example, a much better

match was obtained between the observed distribution and simulated potential suitable

climate space once the model had been re-run, with the Britain and Ireland distribution used

to modify the European observed distribution (Figure 3.75). The full results for all species are

available in Appendix 3.6.

Figure 3.75: A comparison of the match between the observed distribution and simulated

potential suitable climate space for E. aurinia.

(a) original model run (b) modified with Britain and Ireland

observed distribution.

A combination of three factors tended to lead to a poor match in Britain and Ireland and the

omission of species from further work, despite the addition of the observed Britain and

Ireland distribution where appropriate and these are discussed further in Chapter 3.6. In

contrast, L lutra which has a low AUC and kappa for the agreement between the observed and

current potential suitable climate space has a very good match in Britain and Ireland, based on

its widespread distribution in the recent past (Figure 3.76).



Figure 3.76: The match between the observed distribution and simulated potential suitable

climate space in Britain and Ireland for L. lutra.

The 50km model outputs obviously show a similar, but more generalised, pattern of response

to those at the 5km resolution (Figure 3.77). This helps to remove some of the appearance of

accuracy that is not necessarily justified given the various sources of modelling uncertainty

(Chapter 2 and Chapter 5) and the omission of factors other than climate that may be

important at this finer resolution.

Figure 3.77: A comparison of the 50km and 5km model outputs for S. turtur

a) Simulated 50km current

potential suitable climate

space

b) Simulated 50km potential

suitable climate space for

2050s High scenario

c) Simulated 50km potential

suitable climate space for 2080s

High scenario

d) Simulated 5km current

potential suitable climate

space

e) Simulated 5km potential

suitable climate space for

2050s High scenario

f) Simulated 5km potential

suitable climate space for 2080s

High scenario



3.5.1 Gains in potential suitable climate space

As with the 5km outputs, those species that are relatively widespread in Britain and Ireland

have small gains in potential suitable climate space (Figure 3.78), while those which are rarer

and thus have a small current simulated climate space have much bigger gains, which usually

increase through time (Figure 3.79). This is particularly true for the invertebrates modelled at

this resolution, which potentially could benefit from the warmer temperatures.

Figure 3.78: Gains in potential suitable climate space for F. lutescens, a more common

species on southern England.

a) Simulated 50km current

potential suitable climate space.

Observed distribution from

NBN, data from Preston et al.,

2002

b) Simulated 50km potential

suitable climate space for 2050s

High scenario

c) Simulated 50km potential

suitable climate space for 2080s

High scenario

Figure 3.79: Gains in potential suitable climate space for H. comma, a rarer species.

a) Simulated 50km current

potential suitable climate

space

b) Simulated 50km potential

suitable climate space for

2050s High scenario

c) Simulated 50km potential

suitable climate space for

2080s High scenario

3.5.2 Overlap in potential suitable climate space

About one third of the species maintain a greater than 75% overlap of current and future

potential suitable climate space under the 2020s High scenario but this more than halves

under the 2080s High scenario. The species which maintain a high overlap are those that have

southern distribution and either only have gains in potential suitable climate space, such as H.

comma (Figure 3.79) or only experience small losses, such as F. pyramidata (Broad-leaved

Cudweed), usually in the south and/or east (Figure 3.80).



Figure 3.80: Overlap in potential suitable climate space maintained for F. pyramidata due to

small losses.

a) Simulated 50km current

potential suitable climate

space

b) Simulated 50km potential

suitable climate space for 2050s

High scenario

c) Simulated 50km potential

suitable climate space for

2080s High scenario

3.5.3 Losses in potential suitable climate space

The losses in potential suitable climate space are inversely related to the overlap and those

species with a high percentage loss are either northern and/or upland species, such as L.

borealis or species, such C. cyanus which have high losses in the southern part of Britain

(Figures 3. 81 and 3.82). For the latter species, the northern part of the distribution has not

been simulated as potential suitable climate space.  This is because these parts of its

distribution have a value which is just below the presence/absence cutoff threshold. Any gains

therefore should be viewed with caution.

Figure 3.81: Linnaea borealis, a northern species with a high loss of potential suitable climate

space.

a) Simulated 50km current

potential suitable climate space

b) Simulated 50km potential

suitable climate space for 2050s

High scenario

c) Simulated 50km potential

suitable climate space for 2080s

High scenario



Figure 3.82: Centaurea cyanus, a species with a high loss of potential suitable climate space.

a) Simulated 50km current

potential suitable climate space.

Observed distribution from

NBN, data based on Preston et

al., 2002.

b) Simulated 50km potential

suitable climate space for

2050s High scenario

c) Simulated 50km potential

suitable climate space for

2080s High scenario

3.6 Discussion and Conclusions

The availability and quality of the distribution data is fundamental to the successful

application of a model, as it is a primary input to SPECIES. The availability of European

distribution data was an issue for a number of the BAP taxa and/or species, especially the less

well-researched or rarer ones, such as lichens and moths, where there is an almost total lack of

data, or bees and wasps, where data is available for some species for individual countries. As

was described in Chapter 2, the latter at least meant that a modified approach to SPECIES,

ENFA, could be applied, but it could lead to an oversimulation of suitable climate space,

where the observations were widespread, such as occurred for B. asterella. Given the rarity of

some BAP species, not just in Britain and Ireland, but also in Europe, the match between

observed and simulated distributions, as reflected in the kappa and AUC statistics, is not

always as good as in previous phases of MONARCH (Harrison et al., 2001; Berry et al.,

2005), but even so the majority of the model runs showed a good or better match between the

observed European distribution and simulated current suitable climate space.

In the case of grid based presence/absence distribution data, in order for the model to train

effectively, the number of 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 will depend on recording strategy and recorder effort (Chapter 4) and, for

some of the BAP species, apparent absence may be a false negative (the species is actually

present but recorded as absent). An increased number of presences have been recorded for

Arabis glabra (Tower mustard), for example, as a result of changes in recorder effort (Chapter

4). This may well be the case for other BAP species, and while at the British and Irish scale

this will not likely affect model performance, as it is trained on European data, it could have

undue influence at the European scale for species and taxa which are less well recorded.

Hence the use of ENFA in some cases.  False positives can also occur and could represent the

case where a species has been recorded historically, but now has gone extinct. This is 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.

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 an

assumption has to be made that the species occurs equally through the range indicated, thus

potentially increasing the number of false positives. This is less likely to be a problem with



widespread species. Often, however, this is the only data available and thus the maps must be

considered as only broadly indicative of potential suitable climate space.

In previous phases of MONARCH, which looked at modelling species that are relatively

common in Europe, it has been assumed the European depiction of presence and absence in

grid squares was reliable. In MONARCH 3, where many of the species are much more rare, it

has been found on closer examination that often there was a mismatch between the European

distribution and the British and Irish distribution data as displayed by the National

Biodiversity Network (see below) or as advised by taxonomic experts. In this case, the

European data was modified to reflect the supposedly more accurate national data by adding

in the British and Irish distributions (see below). This raises questions about the accuracy in

other countries. Some European countries do have good national databases for a wide range

of taxa, such as Belgium and the Netherlands, or are known to have databases (national or

privately owned) for specific taxa (e.g. Germany and a number of invertebrates). For many

others, they are strictly limited, but a searchable database of identified sources of species

distribution data throughout Europe was compiled as part of MONARCH 3.

The apparent mismatch between the observed European distribution and the recorded

distribution in Britain and Ireland meant that for some species, such as P. rutilis, no potential

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 of potential suitable climate space (Figure 3.66). Another difficulty in simulating

current potential suitable climate space for rare species in Britain and Ireland is that there are

few records to assist model training for this region of Europe. For other species, especially

those with an eastern European or confined continental distribution, such as A. paludicola and

N. marina, the addition of their distribution in Britain made little or no difference. This

suggests that climates from such areas, which can be much more extreme, are not represented

in Britain and Ireland, either now 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 may be a real gap or a consequence of lack of

knowledge, but as the intervening countries, such as Belgium and the Netherlands are

generally well–recorded it is unlikely to be the latter. It is possible, therefore, that their

occurrence in Britain and Ireland is a consequence of a contracting range margin or of

different ecotypes or some other factor(s) operating to affect their distribution.

Similar issues became apparent for a few species when they were re-modelled at the 50km

resolution, despite the modification of the observed European distribution. The factors are

similar to those discussed above, namely: the patchy distribution of the species (e.g. P.

globulifera and V. geyeri); the rarity of the species (e.g. J. torquilla and P. rutilus) and a

predominantly eastern distribution in Europe with few observations in the west (e.g. P. rutilus

and V. geyeri).

Even within Britain and Ireland the data for rarer species is often not available for sake of

protection or is not fully known. The NBN distribution data, as currently used for most of the

observed distributions, is dependent on the voluntary submission of such data by Record

Centres and various recording schemes and can be very patchy, thus the comparison between

the observed distribution for Britain and Ireland and the simulated suitable climate space may

not present an accurate picture of their relationship and thus the maps must be treated with

caution. In addition, the species’ distributions from the Biological Records Centre at the

Centre for Ecology and Hydrology, Monkswood were requested. These were available for

plants, amphibians, reptiles, mammals, molluscs and some invertebrates. Bird records are kept

by the British Trust for Ornithology and these were made available to the project digitally for

hindcasting modelling purposes or via NBN for the BAP species. This highlights again the

variable availability of species’ distribution records.



Caution is required when interpreting the model outputs.  It must be remembered that the

SPECIES maps depict potential suitable climate space; they are not maps of the actual

future distribution of a species. The changes in the simulated potential suitable climate space,

however, are important indicators of the species that are sensitive and potentially vulnerable

to climate change, but they should be viewed in context. For some species, the simulated

potential suitable climate space is greater than the observed distribution and thus losses may

not be as significant to the species, as for those for whom there is a good match and an

equally high loss. For a few species, the potential suitable climate space is less than the

current distribution. This is difficult to explain, as it suggests that the species is occurring

outside its climatic range. This could be a function of the inputs to the model not including

those aspects of climate that are critical to the species or its relationship with the climate of

Britain and Ireland not being captured by its European range. Once again, different ecotypes

could be involved, but all these possibilities require further research. Also an actual

distribution being less than the potential suitable climate space may be indicative of the

importance of habitats, either the landscape is managed such that the habitats are unsuitable

for the species, thus it cannot occupy its full potential climatic distribution, or, similarly the

species has suffered from habitat destruction thus reducing its range compared to its climatic

potential.

The gains in new potential suitable climate space are important in showing where there might

be suitable climatic conditions in the future i.e. the species’ fundamental niche. Climate space

envelopes do not include the many other factors that can influence a distribution and result in

a species’ realised niche, especially at finer scales, such as habitat availability and ability to

disperse to fulfil the climatic range and thus they give an essentially optimistic picture. For a

review of these other factors see Pearson and Dawson (2003) and discussion in the

MONARCH2 report, which suggested that many species may be dispersal limited (Berry et

al., 2005). The species which have the highest gains in climate space generally are those

currently in the south of Britain and Ireland and thus the response for each taxon is largely

dependent on the location of this and the simulated suitable climate space. Many of the

invertebrates and mammals do show large gains, while fewer vascular plants, mosses and

lichens do. In the case of the two mosses, this is might be because the species modelled are

found in the north or west of the country.

The overlaps in potential suitable climate space suggest that a number of species will continue

to have more than 50% overlap under future scenarios and thus climate change will not be an

issue with regards to their conservation in Britain and Ireland as a whole. In many cases the

overlap decreases with the 2050s High scenario and even more severely with the 2080s High

scenario. The latter affects all taxa and it suggests that this represents a critical scenario and a

possible threshold as far as climate change is concerned.

Losses in potential suitable climate space are an important element with regards to

conservation and the BAP process. A number of species show significant losses after the

2020s, and some have been flagged above. For these species, consideration will need to be

given to the consequences of climate change in the context of other threats and appropriate

measures devised. These losses often need to viewed with some caution, especially for those

species, such as several of the lichens, for which potential suitable climate space was

oversimulated, as loss of overlap and losses of potential suitable climate space are not realistic

relative to their actual distribution.

Several species showed a potential loss of suitable climate space in eastern England, which in

the case of amphibians, such as Rana lessonae, was thought to be unreasonable (Figure 3.83).

When species were modelled using climate scenarios from other Global Climate Models

(GCM) it was found that this is primarily a characteristic of the HadRM3 model, which is

used to produce the UKCIP02 scenarios (see Chapter 5). This both highlights a need for

caution in interpreting results which show such a loss of potential suitable climate space and

illustrates the need, where possible, to include outputs from several GCMs.



Figure 3.83:  The loss of potential suitable climate space in eastern England for R. lessonae

Current simulated potential

suitable climate space

Potential suitable climate
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scenario

Potential suitable climate

space under the 2080s High

scenario

If the species gains in more northern regions and, this is combined with losses in the south

then, there can be a disjunction between the species’ current and future potential suitable

climate space. This is seen in the case of M. avellanarius, where, although the model

undersimulates its current potential suitable climate space, there is an increasing divergence

between its current and potential future suitable climate space (Figure 3.84).

Figure 3.84: The increasing divergence between current and future potential suitable climate

space for M. avellanarius.
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scenario
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space under the 2080s High

scenario

In summary, for the 34 species re-modelled at the 50km resolution those showing the largest

gains in potential suitable climate space are species currently rare in Britain and Ireland and,

like those modelled at the 5km resolution, are found in southern areas (Table 3.11). The

percentage overlap between simulated current and future potential suitable climate space is

generally high, but decreases through time and under the 2080s High scenario three bird (M.

nigra, and T. tetrao) have less than 10% overlap and T. urogallus and two vascular plants (L.

borealis and W. ilvensis) have no overlap due to their loss of potential suitable climate space.

The superimposition of the observed distribution on to the potential suitable climate space

enables the projective accuracy of the model to be assessed, although it does assume the

species is in equilibrium with current climate and that the periods represented are similar.

This may not be the case for some species where records have been collected over a long

period. The results showed that for certain species the match is very good, while for others

rarer species the model often oversimulates potential suitable climate space. Many bioclimate



Table 3:11: Summary of the gains, overlaps and losses of potential suitable climate space for

the species re-modelled at the 50km resolution under the High scenarios.

Gains in potential

suitable climate

space

Overlap in potential

suitable climate

space

Losses in potential

suitable climate

space

% change Taxa 2020s 2050s 2080s 2020s 2050s 2080s 2020s 2050s 2080s

0 - <10 Beetles 1 1

Birds 6 5 5 1 3 6 6 6

Butterflies 5 4 2

Mammals 3 3 2

Vascular Plants 3 3 3 2 2 11 10 5

10 - <25 Beetles 1

Birds 1 1 2 1 1

Butterflies 1

Mammals

Vascular Plants 5 1 2 1 4 1

25 - <50 Beetles 1

Birds 1 1 1 1

Butterflies 1 2

Mammals 1 1

Vascular Plants 2 1 1 2 2 2 1

50 - <75 Beetles 1

Birds 1 1 2 1 1 1

Butterflies 2

Mammals

Vascular Plants 1 1 1 2 3 1 2 2

75 - <100 Beetles 1 1

Birds 1 1 1 7 7 6 1 2 3

Butterflies 5 5 2 1

Mammals 1 3 3 2

Vascular Plants 1 1 0 12 9 6 3 6

> 100 Beetles 1 1 1

Birds 1 2 2

Butterflies 5 5 5

Mammals 2 3 3

Vascular Plants 5 7 8

envelope modelling studies do not provide the observed distribution and just rely on the kappa

and AUC statistics. Those that do provide the observed distribution often place it alongside

the potential suitable climate space maps (e.g. Elith et al., 2006), and it has been done for

some species for the 5km resolution outputs, but it makes it difficult to assess the projective

capabilities of the model.

Given the wide range of uncertainties associated with climate scenarios (Chapter 5) and the

ability of species to disperse across landscapes into new potential suitable climate space, the

maps may represent an optimistic picture of the future.  Additionally, the modelling does not

include a variety of ecological factors that are likely to have considerable impact on a species’



response to climate change. For example, the model does not include habitat availability,

except through the land cover masking. This only shows the presence of a potentially suitable

habitat. It does not indicate anything about the amount or configuration of the habitat(s)

within the grid square and thus its suitability for maintaining metapopulations or for

facilitating dispersal.  Another ecological caveat is that it will take time for a species to reach

equilibrium (possibly a considerable length of time) with their suitable climate space, as was

shown for a number of species in MONARCH 2.  A further assumption is that species have

the possibility and capability to track the changes in their suitable climate space, which will

require suitable habitat configuration across the landscape and adequate dispersal capability.

Determining which species are capable of rapidly dispersing over large distances is, therefore,

a question of critical conservation importance (Sala et al., 2000; Hannah et al.,  2002;

Parmesan and Yohe, 2003).

Species distributions at finer resolutions than the macro (continental) scale may be affected by

factors other than climate (Pearson and Dawson, 2003). Coudon et al. (2006), for example,

have shown how the current distribution of Acer campestre (Field maple) in France is best

modelled by the inclusion soil variables, in particular pH. Biotic interactions are also

important in influencing species’ distributions at their southern range margins (Woodward,

1987) and at finer resolutions. Currently there are few models capable of examining species’

interactions, like mutualism, predation and competition in an ecosystem context. In the light

of the need to recognise other factors that may influence a species’ distribution when

modelling at a finer resolution model outputs are best applied at the continental (50km) grid

scale. While resolutions finer than this may still show a species’ potential suitable climate

space, they are predicated on the assumption that the relationship between the species and

climate has not changed.

As has been previously identified, climate is one of the major factors determining species’

distributions at the macroscale, with land cover/habitat availability becoming important at the

national to regional scale. The land cover masks are a way of refining the climate suitability

surfaces to take habitat availability into account and they deal with one of the caveats of these

surfaces by moving closer to simulating the realised niche. The use of land cover masks,

based on Land Cover Map 2000 (LCM2000) and Corine, firstly assumes that they provide an

accurate summary of land cover type availability. As was found in MONARCH 2, however,

there are serious problems of poor discrimination and mis-matching for certain classes for

LCM2000 (Berry et al., 2005b). The habitat-climate space masking was done in a very

simplistic manner by overlaying maps of current suitable land cover on top of future suitable

climate space (Chapter 3). In MONARCH 3, it has been shown that land cover can

significantly restrict a species’ suitability envelope where there is a close association between

the species and a single restricted land cover type. This is particularly the case for coastal

species, such as Sterna dougallii (Roseate tern) and Cochlearia scotica (Scottish

scurvygrass).

Implicit to this approach is the assumption that habitat/land cover is static over time. While

this may be reasonable for the 2020s (at least the earlier part of the time period) when land

cover changes may be small, it is unlikely that it will remain static, especially where the land

cover is more affected by climate and given human management. To date there are no

national land cover change scenarios, in spite of the fact that when land cover change

scenarios are available as the result of more integrated modelling, their inclusion has been

shown to have a profound impact (Audsley et al., 2005; del Barrio et al., 2006). This may not

be an issue at the European scale where climate is the main driver of both species’

distributions and land cover, but where land cover components are not closely related to

climate, such as arable land, then their inclusion in the modelling may be important (Thuiller

et al., 2004).



Projection of land cover changes is an important and fast growing area of research that has the

potential to greatly improve the accuracy of future species climate space projections. With

regard to predicting natural vegetation/habitat cover changes, dynamic global vegetation

models (DGVMs), which incorporate first-principles of physiological and biogeochemical

responses to environmental drivers, have shown great promise for modelling

vegetation–climate interactions at global and regional scales (Woodward and Beerling, 1997;

Cramer et al., 2001; Sykes et al., 2001). However, the complexity of DGVMs makes their

parameterisation and validation problematic, so that more certainly needs to be done before

they can be more widely applied to specific species and regions (Pearson and Dawson, 2003).

The use of bioeconomic models that simulate crop growth and farm level decision processes

can also provide key insights into the role that economics plays in structuring agricultural land

use patterns and the effects this can have, in turn, on biodiversity. A good example of this is

provided by the ACCELERATES project (del Barrio et al., 2006), which examined

biodiversity and agricultural sector responses to climate change in the East Anglia region of

the UK. Lastly, interactions between climate change and human population growth and

migration patterns are likely to have profound effects on future agricultural and urban

landscapes. An interesting line of research would be to consider the knock on effects these

could have on species through the spatial redistribution of human dominated land uses. Due

the immense technical difficulty of trying to model changing land-use patterns, projected

changes might be most simply and effectively achieved by using expert knowledge to develop

a range of broad land cover scenarios.

A further assumption in the land cover masking is that the species have been associated with

the correct land cover type. The association was implemented using a spreadsheet based on

Simonson and Thomas (1999), but there was some inconsistency across species. For example,

some species, especially those from less well-known taxa have just one primary habitat

association (e.g., Limoniscus violaceous – the Violet click beetle), while others had several

primary, secondary or less important habitat associations. B. barbastellus, for example, had

17 such associations. It was not possible to take just primary associations, as not all species

had such a link. Greater consistency could be achieved across species if all suitable land cover

types were included. This, however, would, in most cases, diminish the ability of land cover

masks to refine the climate suitability surfaces.

This chapter has reviewed the simulated potential impacts of climate change on a range of

species from different taxa. Data availability has meant that modelling could only be carried

out for a selection of the terrestrial BAP species and even here some data limitations were

experienced in terms of mismatches between European and British and Irish observed

distributions. Nevertheless, it has shown how, as in other phases of MONARCH, the species

vary in their sensitivity and potential vulnerability. It has enabled BAP species which are

potentially threatened by climate change to be identified, but also those for whom climate

change apparently is not a threat, and thus the model outputs should help to guide the

conservation process as it considers possible response to climate change.
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Appendix 3.1: Relationship between Land Cover Map 2000 and CORINE

The Land Cover Map 2000 (Centre for Ecology and Hydrology) at the 1 km x 1 km resolution

was used to provide a surrogate for habitats and was used to mask out areas of unsuitable land

cover from the climate suitability surfaces. The 26 sub-classes were used in order that broad

habitats could be identified. LCM2000 covers Northern Ireland, but in order to have compatibility

across Ireland CORINE data were used for the whole of Ireland. To enable integration of the

CORINE dataset to the habitat masking methodology, the 50 individual land cover classes from

CORINE were each mapped to an equivalent one of the 26 LCM2000 land classes for use in the

masking procedure.

LCM class Landcover Mask 2000 class Corresponding CORINE land classes

1 Sea / Estuary Salines, Estuaries, Sea and Ocean

2 Water (inland) Glaciers and perpetual snow, Water courses,

Water bodies, Coastal lagoons

3 Littoral Rock Bare rocks

4 Littoral Sediment no match

5 Saltmarsh Saltmarshes

6 Supra-littoral rock Sparsely vegetated areas

7 Supra-littoral sediment Beaches, dunes, sands, intertidal flats

8 Bog (deep peat) Peat bogs

9 Dense dwarf shrub heath Transitional woodland scrub

10 Open dwarf shrub heath Moors and heathland

11 Montane habitats no match

12 Broad leaved / mixed woodland Agro forestry areas, broad leaved forest,

mixed forest

13 Coniferous woodland Coniferous forest

14 Improved grassland Pastures. Land principally occupied by

agriculture, with significant areas of natural

vegetation

15 Neutral grassland Natural grasslands

16 Setaside grass no match

17 Bracken Sclerophyllous vegetation

18 Calcareous grassland no match

19 Acid grassland no match

20 Fen, marsh, swamp Inland marshes

21 Arable cereals Annual crops associated with permanent

crops

22 Arable horticulture Permantly irrigated land, rice fields,

vineyards, fruit trees and berry plantations,

olive groves, annual crops associated with

permanent crops

23 Arable non-rotational Non irrigated arable land, complex cultivation

patterns

24 Suburban / rural development Discontinuous urban fabric, green urban areas

25 Continuous urban Continuous urban fabric, industrial or

commercial units

26 Inland bare ground Road and rail networks and associated land,

port areas, airports, mineral extraction sites,

dump sites, construction sites, sport and

leisure facilities, burnt areas
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Appendix 3.2: Full List of Species Modelled

Number Latin name English name Taxa

1 Bufo calamita Natterjack Toad Amphibians

2 Rana lessonae Pool Frog Amphibians

3 Triturus cristatus Great Crested Newt Amphibians

4 Formica aquilonia Scottish Wood Ant Ants

5 Formica exsecta Narrow-headed Ant Ants

6 Formica lugubris Hairy wood ant Northern Ants

7 Formica pratensis Black-Backed Meadow Ant Ants

8 Formica rufa Southern wood ant Ants

9 Andrena ferox a Mining Bee Bees/Wasps

10 Andrena gravida Banded Mining Bee Bees/Wasps

11 Andrena lathyri a Mining Bee Bees/Wasps

12 Limoniscus violaceus Violet Click Beetle Beetles

13 Lucanus cervus Stag Beetle Beetles

14 Acrocephalus paludicola Aquatic Warbler Birds

15 Acrocephalus palustris Marsh Warbler Birds

16 Alauda arvensis Skylark Birds

17 Botaurus stellaris Bittern Birds

18 Burhinus oedicnemus Stone Curlew Birds

19 Caprimulgus europaeus Nightjar Birds

20 Carduelis cannabina Linnet Birds

21 Crex crex Corncrake Birds

22 Emberiza cirlus Cirl Bunting Birds

23 Emberiza schoeniclus Reed Bunting Birds

24 Jynx torquilla Wryneck Birds

25 Lanius collurio Red-Backed Shrike Birds

26 Loxia scotica Scottish Crossbill Birds

27 Lullula arborea Woodlark Birds

28 Melanitta nigra Common Scoter Birds

29 Miliaria calandra Corn Bunting Birds

30 Muscicapa striata Spotted Flycatcher Birds

31 Passer montanus Tree Sparrow Birds

32 Perdix perdix Grey Partridge Birds

33 Phalaropus lobatus Red-necked Phalarope Birds

34 Pyrrhula pyrrhula Bullfinch Birds

35 Sterna dougallii Roseate Tern Birds

36 Streptopelia turtur Turtle Dove Birds

37 Tetrao tetrix Black Grouse Birds

38 Tetrao urogallus Capercaillie Birds

39 Turdus philomelos Song Thrush Birds

40 Argynnis adippe High Brown Fritillary Butterflies

41 Aricia artaxerxes Northern Brown Argus Butterflies

42 Boloria euphrosyne Pearl-bordered Fritillary Butterflies

43 Carterocephalus palaemon Chequered Skipper Butterflies

44 Eurodryas aurinia Marsh Fritillary Butterflies
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45 Hesperia comma Silver-Spotted Skipper Butterflies

46 Lycaena dispar Large Copper Butterfly Butterflies

47 Polyommatus bellargus Adonis Blue Butterflies

48 Maculinea arion Large Blue Butterfly Butterflies

49 Mellicta athalia Heath Fritillary Butterflies

50 Plebejus argus Silver-studded Blue Butterflies

51 Coenagrion mercuriale Southern Damselfly Damsel / Dragonflies

52 Biatoridium monasteriense a lichen Lichen

53 Buella asterella starry breck lichen Lichen

54 Caloplaca luteoalba ortange fruited elm lichen Lichen

55 Catapyrenium_psoromoides Tree Catapyrenium Lichen

56 Cladonia_bortrytes stump lichen Lichen

57 Peltigera lepidophora ear lobed dog lichen Lichen

58 Pertusaria bryontha alpine moss pertusaria Lichen

59 Schismatomma graphidioides a lichen Lichen

60 Thelenella modesta warty wax lichen Lichen

61 Arvicola terrestris Water Vole Mammals

62 Barbastella barbastellus Barbastelle Bat Mammals

63 Lepus europaeus Brown Hare Mammals

64 Lutra lutra Otter Mammals

65 Muscardinus avellanarius Dormouse Mammals

66 Myotis bechsteinii Bechstein`s Bat Mammals

67 Myotis myotis Greater Mouse-eared Bat Mammals

68 Pipistrellus pipistrellus Pipistrelle Bat Mammals

69 Rhinolophus ferrumequinum Greater Horseshoe Bat Mammals

70 Rhinolophus hipposideros Lesser Horseshoe Bat Mammals

71 Sciurus vulgaris Red Squirrel Mammals

72 Margaritifera margaritifera Freshwater Pearl Mussel Molluscs

73 Vertigo angustior Narrow-mouthed whorl snail Molluscs

74 Vertigo genesii Round-mouthed whorl snail Molluscs

75 Vertigo geyeri Whorl snail Molluscs

76 Vertigo moulinsiana Desmoulin`s whorl snail Molluscs

77 Lycopodiella inundata Marsh Clubmoss Mosses

78 Sematophyllum demissum Prostrate Feather-moss Mosses

79 Sphagnum balticum Baltic Bog-Moss Mosses

80 Lacerta agilis Sand lizard Reptiles

81 Alisma gramineum Ribbon-leaved Water-plantain Vascular plants

82 Apium repens Creeping Marshwort Vascular plants

83 Arabis glabra tower mustard Vascular plants

84 Artemisia norvegica Norwegian Mugwort Vascular plants

85 Asparagus officinalis ssp. prostratus Wild Asparagus Vascular plants

86 Carex muricata ssp. muricata Prickly Sedge Vascular plants

87 Carex vulpina True Fox Sedge Vascular plants

88 Centaurea cyanus Cornflower Vascular plants

89 Cochlearia micacea Mountain Scurvy-grass Vascular plants

90 Cochlearia scotica Scottish scurvygrass Vascular plants

91 Cotoneaster integerrimus Wild Cotoneaster Vascular plants

92 Crepis foetida Stinking hawks beard Vascular plants

93 Cypripedium calceolus Lady`s Slipper Orchid Vascular plants

94 Dianthus armeria Deptford Pink Vascular plants
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95 Filago lutescens Red-tipped Cudweed Vascular plants

96 Filago pyramidata Broad leaved cudweed Vascular plants

97 Galeopsis angustifolia Red Hemp-nettle Vascular plants

98 Galium tricornutum Corn Cleavers Vascular plants

99 Gentianella uliginosa Dune gentian Vascular plants

100 Geranium sylvaticum Wood Cranesbill Vascular plants

101 Juncus pygmaeus Pygmy Rush Vascular plants

102 Juniperus communis Juniper Vascular plants

103 Leersia oryzoides Cut-grass Vascular plants

104 Linnaea borealis Twinflower Vascular plants

105 Liparis loeselii Fen Orchid Vascular plants

106 Luronium natans Floating Water Plantain Vascular plants

107 Melampyrum sylvaticum Small Cow-wheat Vascular plants

108 Najas flexilis Slender Naiad Vascular plants

109 Najas marina Hooly leaved naiad Vascular plants

110 Pilularia globulifera Pillwort Vascular plants

111 Potamogeton rutilus Shetland pond weed Vascular plants

112 Salix lanata Woolly Willow Vascular plants

113 Saxifraga hirculus Yellow Marsh Saxifrage Vascular plants

114 Scandix pecten-veneris Shepherd’s Needle Vascular plants

115 Scleranthus perennis ssp. prostratus Prostrate Perennial Knawel Vascular plants

116 Silene gallica Small-flowered Catchfly Vascular plants

117 Sium latifolium Greater Water Parsnip Vascular plants

118 Thlaspi perfoliatum Cotswold Pennycress Vascular plants

119 Trichomanes speciosum Killarney fern Vascular plants

120 Woodsia ilvensis Oblong Woodsia Vascular plants
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Appendix 3.3: Sources of European species distribution data.

Amphibians:

Spellerberg, Ian F. (2002) Amphibians and reptiles of North-West Europe: their natural history,

ecology and conservation.

Ants:

Collingwood, Cedric A. (1979). The Formicidae (Hymenoptera) of Fennoscandia and Denmark.

Beetles:

Van Helsdingen, P. J., Willemse, L. and Speight, M. C. D. (1996) Background information on

invertebrates of the Habitats Directive and Bern Convention. Part I Crustacea, Coleoptera and

Lepidoptera.

Birds:

Digital data received from European Bird Census Council, but based on Hagemeijer, W.J.M. and

Blair, M. (Eds.) (1997) The EBCC Atlas of European Breeding Birds: Their Distribution and

Abundance.  T.& A.D. Poyser, London.

Butterflies:

Higgins, L.G. and Riley, N.D. (1970). A Field Guide to the Butterflies of Britain and Europe.

Tolman, T., (1997).  Butterflies of Britain and Europe.  Collins Field Guide, Harper Collins,

London.

Damselflies:

Van Helsdingen, P. J., Willemse, L. and Speight, M. C. D. (1996). Background information on

invertebrates of the Habitats Directive and Bern Convention. Part II Mantodea, Odonata,

Orthoptera and Arachnida.

Lichens:

Acta Bot. Fennica 150 (1994).

Breuss, O. 1990.Die Flechtengattung Catapyrenium (Verrucariaceae) in Europa. Stapfia 23.

Lejeunia 3372.

Mammals:

Mitchell-Jones, J.A., Amori, G., Bogdanowicz, W., Krystufek, B., Reijinders, P.J.H.,

Spitzenberger, F., Stubbe, M., Thissen, J.B.M., Vohralík, V., Zima, J., 1999.  The Atlas of

European mammals. T. & A.D. Poyser, London.

Societas Europea Mammalogica (www.european-mammals.org)

Molluscs:

Van Helsdingen, P. J., Willemse, L. and Speight, M. C. D. (1996) Background information on

invertebrates of the Habitats Directive and Bern Convention. Part III Mollusca and

Echinodermata

Mosses:

Daniels, R.E., Eddy, E., 1985.  Handbook of European Sphagna. Institute of Terrestrial Ecology,

Handbook 195, National Environment Research Council, Huntington.
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Reptiles:

Spellerberg, Ian F. (2002). Amphibians and reptiles of North-West Europe: their natural history,

ecology and conservation.

Vascular plants:

Hultén, E. and Fries, M. (1986). Atlas of North European vascular plants: north of the Tropic of

Cancer I-III

Hultén, E. (1971) Atlas över växternas utbredning i norden = : Atlas of the distribution of

vascular plants in NW Europe Stockholm : Generalstabens Litografiska Anstalts Förlag.

Hulten, E. (1959).  The Amphi-Atlantic Plants and their Phytogeographical Connection.

Almqvist & Wiksell, Stockholm, 340 pp.

Jalas, J. and Suominen, J. (1972-91).  Atlas Florae Europaeae.  Vols. 1-9, Societas Biologica

Fennica Vanamo, Helsinki.

Meusel, H., Jäger, E. and Weinert, E. (1965).  Vergleichende Chorologie der

Zentraleuropäischen Flora Vol 1.  Gustav Fischer Jena.

Meusel, H., Jäger, E., Weinert, E. and Rauschert, S.T. (1978).  Vergleichende Chorologie der

Zentraleuropäischen Flora Vol 2.  Gustav Fischer Jena.

Meusel, H., Jäger, E. and Weinert, E. (1992).  Vergleichende Chorologie der

Zentraleuropäischen Flora Vol 3.  Gustav Fischer Jena.
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Appendix 3.4: AUC and Kappa statistics for the trained model for the 120 BAP species.

Species AUC ROC Kappa

Amphibians

Bufo calamita 0.97 0.70

Rana lessonae 0.98 0.83

Triturus cristatus 0.95 0.69

Ants

Formica aquilonia 0.99 0.83

Formica exsecta 0.98 0.79

Formica lugubris 0.97 0.72

Formica pratensis 0.98 0.60

Formica rufa 0.98 0.70

Bees

Andrena ferox 0.99 0.84

Andrena gravida 0.99 0.86

Andrena lathyri 0.99 0.86

Beetles

Limoniscus violaceus 0.98 0.79

Lucanus cervus 0.99 0.87

Birds

Acrocephalus paludicola 0.97 0.56

Acrocephalus palustris 0.96 0.80

Alauda arvensis 0.96 0.63

Botaurus stellaris 0.92 0.67

Burhinus oedicnemus 0.95 0.70

Caprimulgus europaeus 0.92 0.69

Carduelis cannabina 0.97 0.83

Crex crex 0.90 0.63

Emberiza cirlus 0.98 0.88

Emberiza schoeniclus 0.93 0.65

Jynx torquilla 0.96 0.76

Lanius collurio 0.98 0.87

Loxia scotica 1.00 0.78

Lullula arborea 0.96 0.82

Melanitta nigra 0.97 0.73

Miliaria calandra 0.98 0.87

Muscicapa striata 0.96 0.69

Passer montanus 0.96 0.76

Perdix perdix 0.97 0.83

Phalaropus lobatus 0.98 0.81

Pyrrhula pyrrhula 0.96 0.75

Sterna dougallii 0.97 0.40

Streptopelia turtur 0.96 0.80

Tetrao tetrix 0.95 0.74

Tetrao urogallus 0.96 0.81

Turdus philomelos 0.97 0.74
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Butterflies

Argynnis adippe 0.98 0.85

Aricia artaxerxes 0.96 0.74

Boloria euphrosyne 0.99 0.89

Carterocephalus palaemon 0.98 0.81

Eurodryas aurinia 0.98 0.82

Hesperia comma 0.96 0.77

Lycaena dispar 0.92 0.23

Polyommatus bellargus 0.99 0.87

Maculinea arion 0.99 0.88

Mellicta athalia 0.99 0.89

Plebejus argus 0.97 0.81

Damselflies

Coenagrion mercuriale 0.95 0.46

Lichens

Biatoridium monasteriense 0.99 0.82

Buellia asterella 0.93 0.12

Caloplaca luteoalba 0.98 0.77

Catapyrenium psoromoides 0.93 0.10

Cladonia botrytes 0.99 0.91

Peltigera lepidophora 0.92 0.18

Pertusaria bryontha 1.00 0.61

Schismatomma graphidioides 1.00 0.87

Thelenella modesta 1.00 0.87

Mammals

Arvicola terrestris 0.91 0.67

Barbastella barbastellus 0.89 0.62

Lepus europaeus 0.96 0.86

Lutra lutra 0.82 0.44

Muscardinus avellanarius 0.90 0.70

Myotis bechsteinii 0.91 0.61

Myotis myotis 0.94 0.74

Pipistrellus pipistrellus 0.92 0.72

Rhinolophus ferrumequinum 0.94 0.74

Rhinolophus hipposideros 0.91 0.65

Sciurus vulgaris 0.93 0.62

Molluscs

Margaritifera margaritifera 0.95 0.61

Vertigo angustior 0.98 0.79

Vertigo genesii 0.99 0.49

Vertigo geyeri 0.96 0.43

Vertigo moulinsiana 0.98 0.65

Mosses

Lycopiella inundata 0.95 0.71

Sematophyllum demissum 0.99 0.30

Sphagnum balticum 0.99 0.85
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Reptiles

Lacerta agilis 0.98 0.80

Vascular Plants

Alisma gramineum 0.97 0.77

Apium repens 0.99 0.72

Arabis glabra 0.98 0.85

Artemisia norvegica 1.00 0.81

Asparagus officinalis ssp. prostratus 0.98 0.82

Carex muricata ssp. muricata 0.99 0.64

Carex vulpina 0.98 0.84

Centaurea cyanus 0.98 0.83

Cochlearia micacea 1.00 0.64

Cochlearia scotica 1.00 0.95

Cotoneaster integerrimus 0.97 0.69

Crepis foetida 0.98 0.81

Cypripedium calceolus 0.97 0.80

Dianthus armeria 0.97 0.74

Filago lutescens 0.97 0.54

Filago pyramidata 0.99 0.84

Galeopsis angustifolia 0.97 0.71

Galium tricornutum 1.00 0.94

Gentianella uliginosa 0.97 0.55

Geranium sylvaticum 0.99 0.87

Juncus pygmaeus 1.00 0.91

Juniperus communis 0.99 0.87

Leersia oryzoides 0.99 0.86

Linnaea borealis 0.99 0.90

Liparis loeselii 0.98 0.75

Luronium natans 0.98 0.64

Melampyrum sylvaticum 0.98 0.84

Najas flexilis 0.98 0.81

Najas marina 0.95 0.52

Pilularia globulifera 0.98 0.72

Potamogeton rutilus 0.99 0.58

Salix lanata 0.99 0.72

Saxifraga hirculus 0.97 0.73

Scandix pecten-veneris 0.96 0.73

Scleranthus perennis ssp. prostratus 0.98 0.87

Silene gallica 0.94 0.60

Sium latifolium 0.99 0.90

Thlaspi perfoliatum 0.99 0.87

Trichomanes speciosum 1.00 0.74

Woodsia ilvensis 0.99 0.90
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Appendix 3.5: AUC and Kappa statistics for species used for the 50km resolution projections.

Species AUC ROC KAPPA

Beetles

Lucanus cervus 0.99 0.88

Birds

Alauda arvensis 0.96 0.65

Burhinus oedicnemus 0.96 0.66

Carduelis cannabina 1.00 0.93

Jynx torquilla 0.96 0.76

Melanitta nigra 0.97 0.73

Milaria calandra 0.99 0.89

Passer montanus 0.97 0.78

Streptopelia turtur 0.97 0.83

Tetrao tetrix 0.94 0.71

Tetrao urogallus 0.96 0.80

Turdus philomelos 0.97 0.73

Butterflies

Boloria euphrosyne 0.99 0.92

Euphydryas aurinia 0.98 0.86

Hesperia comma 0.96 0.85

Melitaea athalia 0.99 0.89

Polyommatus bellargus 0.99 0.87

Dragonflies

Coenagrion mercuriale 0.95 0.47

Mammals

Barbastella barbastellus 0.95 0.65

Lutra lutra 0.81 0.41

Rhinolophus ferrumequinum 0.94 0.74

Rhinolophus hipposideros 0.91 0.66

Molluscs

Vertigo geyeri 0.96 0.40

Vascular Plants

Apium repens 0.99 0.72

Arabis glabra 0.98 0.85
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Artemisia norvegica 1.00 0.68

Centaurea cyanus 0.98 0.84

Crepis foetida 0.98 0.80

Filago lutescens 0.98 0.77

Filago pyramidata 0.99 0.85

Galeopsis angustifolia 0.97 0.72

Gentianella uliginosa 0.97 0.55

Juniperus communis 0.99 0.88

Leersia oryzoides 0.99 0.86

Linnaea borealis 0.99 0.91

Luronium natans 0.98 0.69

Pilularia globulifera 0.97 0.56

Potamogeton rutilus 0.95 0.45

Scandix pecten veneris 0.96 0.74

Silene gallica 0.94 0.61

Woodsia ilvensis 0.99 0.89
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Appendix 3.6: Results for Britain and Ireland for a selection of species at 50km resolution

Alauda arvensis (Skylark)

    

Current observed European

distribution (European Bird

Census Council)

Current simulated European

potential suitable climate

space

Current distribution (BTO)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s

Low and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s

Low and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s

Low and High scenarios
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Apium repens  (Creeping marshwort)

    

Current observed European

distribution (based on Hulten,

1959)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Arabis glabra (Tower mustard)

    
Current observed European

distribution (based on Meusel,

1965)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Artemisia norvegica (Norwegian mugwort)

    
Current observed European

distribution (based on Meusel,

1992)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Barbastella barbastellus (Barbastelle bat)

    
Current observed European

distribution (based on

Societas Europaea

Mammologica)

Current simulated European

potential suitable climate

space

Current distribution (based on

NBN) overlain with Britain

and Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s

Low and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s

Low and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s

Low and High scenarios
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Boloria euphrosyne (Pearl-bordered fritillary)

    

Current observed European

distribution (based on

Tolman, 1997 and Butterfly

Conservation)

Current simulated European

potential suitable climate space

Current distribution (Butterfly

Conservation) overlain with

Britain and Ireland simulated

potential suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Burhinus oedicnemus (Stone curlew)

    
Current observed European

distribution (European Bird

Census Council)

Current simulated European

potential suitable climate space

Current distribution (BTO)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Carduelis cannabina (Linnet)

    

Current observed European

distribution  (European Bird

Census Council)

Current simulated European

potential suitable climate space

Current distribution (BTO)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Centaurea cyanus (Cornflower)

    
Current observed European

distribution (based on Meusel

et al., 1992)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Crepis foetida (Stinking Hawk’s beard)

    
Current observed European

distribution (based on Meusel

et al., 1992)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Euphydryas aurinia (Marsh fritillary)

    
Current observed European

distribution (based on

Tolman, 1997 and Butterfly

Conservation)

Current simulated European

potential suitable climate space

Current distribution (Butterfly

Conservation) overlain with

Britain and Ireland simulated

potential suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Filago lutescens (Red-tipped cudweed)

    

Current observed European

distribution (based on Meusel

et al., 1992)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Filago pyramidata (Broad-leaved cudweed)

    
Current observed European

distribution (based on Meusel

et al., 1992)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Galeopsis angustfolia (Red hemp nettle)

   
Current observed European

distribution (based on Meusel

et al., 1978)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Hesperia comma (Silver-spotted skipper)

    

Current observed European

distribution (based on

Tolman, 1997 and Butterfly

Conservation)

Current simulated European

potential suitable climate space

Current distribution (Butterfly

Conservation) overlain with

Britain and Ireland simulated

potential suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Juniperus communis (Juniper)

    
Current observed European

distribution (based on Meusel

et al., 1965)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Leersia oryzoides(Cut-grass)

    
Current observed European

distribution (based on Meusel

et al., 1965)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Linnaea borealis (Twinflower)

    
Current observed European

distribution (based on Meusel

et al., 1992)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
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Lucanus cervus (Stag beetle)

    
Current observed European

distribution (based on Van

Helsdingen et al., 1996a)

Current simulated European

potential suitable climate space

Current distribution overlain

with Britain and Ireland

simulated potential suitable

climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low
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Luronium natans (Floating water plantain)
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Melanitta nigra (Common scoter)
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Melitaea athalia (Heath fritillary)
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Milaria calandra (Corn bunting)
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Passer montanus (Tree sparrow)
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Polyommatus bellargus (Adonis blue)
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Rhinolophus ferrumequinum (Greater horseshoe bat)
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Rhinolophus hipposideros (Lesser horseshoe bat)

    
Current observed European

distribution (based on Societas

Europaea Mammologica)

Current simulated European

potential suitable climate space

Current distribution (NBN)

overlain with Britain and

Ireland simulated potential

suitable climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios



- 121 -

Scandix pecten-veneris (Shepherd’s needle)
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Silene gallica (Small-flowered catchfly)
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Streptopelia turtur (Turtle dove)
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Tetrao tetrix (Black grouse)
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Tetrao urogallus (Capercaillie)
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Turdus philomelos (Song thrush)
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Woodsia ilvenis (Oblong woodsia)
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Appendix 3.7: Results for Britain and Ireland for species with poor agreement at the 50km

resolution.

 Coenagrion mercuriale (Southern damselfly)
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Gentianella uliginosa (Dune gentian)
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Jynx torquilla (Wryneck)

1 
as there is no current simulated potential suitable climate space percentage change from base

cannot be calculated.

Current observed European

distribution (European Bird

Census Council)

Current simulated European

potential suitable climate space

Current distribution overlain

with Britain and Ireland

simulated potential suitable

climate space

Potential suitable climate

space under 2020s Low

scenario

Potential suitable climate

space under 2020s High

scenario

Changes in potential suitable

climate space under 2020s Low

and High scenarios

Potential suitable climate

space under 2050s Low

scenario

Potential suitable climate

space under 2050s High

scenario

Changes in potential suitable

climate space under 2050s Low

and High scenarios
1

Potential suitable climate

space under 2080s Low

scenario

Potential suitable climate

space under 2080s High

scenario

Changes in potential suitable

climate space under 2080s Low

and High scenarios
1



- 131 -

Lutra lutra (Otter)
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Pilularia globulifera (Pillwort)
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Potamogeton rutilus (Shetland pondweed)
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Vertigo geyeri (Whorl snail)
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4 Validation of the SPECIES model, using

hindcasting

P.M. BERRY, J.R. O’HANLEY, C.L. THOMSON and G.J. MASTERS

4.1 Summary

In order to validate species-climate envelope models, historical data relating to changing

distributions and past climate are required. Twelve species were selected for validating the

SPECIES model, according to whether they were expanding, contracting or showing little

range change. Historical distribution data from published Atlases encompassing two different

recording periods for vascular plants, birds and butterflies were used. In addition, dates of

first recording for three other invertebrate species were divided into similar time periods, to

give two historical datasets. Historical climate data were obtained from the Meteorological

Office. The SPECIES model was then trained on the earlier observed dataset and

corresponding climate and run forwards to simulate changes in potential suitable climate

space, and also trained on the more recent datasets and run backwards (hindcasting).

The SPECIES model performed well when given climate and observed data from the same

time period and simulated an expansion in potential suitable climate space for the future

period when run forward for species expected to expand. It was less good at simulating

changes in climate space for contracting species. The backcasting often led to

undersimulation of potential suitable climate space relative to the observed distribution,

which is more difficult to explain. An important assumption of species-climate envelope

models is that a species’ distribution is in equilibrium with climate, which is unlikely to be the

case, especially in periods of rapid change, like the 1990s onwards. A further caveat is that

climate is only one of a number of factors that may influence species’ distributions at the

national to regional scale.

4.2 Introduction

Species-climate envelope models, such as SPECIES (Chapter 2), have been widely used to

simulate the potential impacts of climate change on species (Pearson et al., 2002; Peterson,

2003; Thuiller, 2003; Huntley et al., 2004; Araújo et al., 2005a). The validity of their

application rests on a number of assumptions about the independence of the data used in

model calibration validation, since there is a high possibility of spatial and temporal

autocorrelation in the distribution data and the biological and environmental variables (Araújo

et al., 2005b).

The SPECIES model, in common with many other species-climate envelope models, uses

data-splitting, whereby data are randomly split into calibration and validation samples

(Pearson et al., 2002). This assumes that the samples represent independent observations, but

this is not usually true and thus other means of model validation need to be found (Araújo et

al., 2005b). Araújo et al. (2005b) use data from the two British breeding bird atlases

(Sharrock, 1976; Gibbons et al., 1993) as providing some of the best currently available data

for model validation, while acknowledging a degree of non-independence may arise given

that data were recorded in the same region and in two periods of time only 20 years apart.

They concluded that artificial neural networks (such as SPECIES) and general additive

models generally provide better simulations of species range shifts than generalised linear

models or classification tree analysis. They also showed that the models tested performed

better when run on non-independent data and thus give an overoptimistic assessment of their



performance on independent data. Overall, artificial neural networks (ANNs) had the best

performance, thus supporting the work of Seguardo and Araújo (2004) who concluded that

ANNs were the best model type when run with non-independent data.

The simplest way to test a model is to compare model potential suitable climate space with

observed data (Rushton et al., 2004). This cannot be done for future projections of potential

suitable climate space and so a hindcasting approach must be used. Hindcasting (also known

as back-testing) is the process whereby a model is fed historical information and its output

compared with what actually happened and is the method of validation used here to test the

performance of the SPECIES model.

In order to validate the performance of the SPECIES model with independent datasets, British

and Irish historical and current distributions for a range of taxa were sought. These were

available for higher plants, birds and butterflies and from these species were selected in order

to give a variety of species’ range changes (Chapter 4.2). This is order to provide a greater

understanding of the ability of SPECIES to project into different time periods.

4.3 Methodology

4.3.1 Species selection

In order to validate the SPECIES model, 12 species were chosen such that the selection:

i) only included species where there are robust historical distribution data for at

least two time periods;

ii) was representative of a range of different taxa;

iii) included species with a high, medium and low sensitivity to climate change

covering expanding, contracting and stable ranges.

The only taxa for which there were adequate historical distribution data were higher plants

(Perring and Walters, 1962; Preston et al., 2002), birds (Sharrock, 1976; Gibbons et al.,

1993), butterflies (Butterfly Conservation; Asher et al., 2001), dragonflies and damselflies

(Biological Records Centre). From these sources, species with different sensitivity and

responses to climate change were chosen (Table 4.1). This was done to test the model’s

ability across some of the different types of responses that could be expected, given that it is

known that species display an individualistic response to climate change (Huntley, 1991), and

as is reflected in the outputs of MONARCH 1 (Harrison et al., 2001) and MONARCH 2

(Berry et al., 2005). Of the species selected, two were higher plants, four were birds and

seven invertebrates. The reason for this imbalance is that birds and invertebrates are thought

to be more directly responsive to climate change (Hughes, 2000); also birds were needed to

validate the alternative version of the SPECIES model for this taxon (see Harrison et al.,

2001).

A further factor that affected the choice of species was that they were known to have changed

their distribution during the 20
th

 century, probably as a result of climate change or at least

with no other identifiable driver of change.

This range of conditions for species’ selection made the choice very difficult, but the species

were chosen for the following reasons:



1)       Euphorbia amygdaloides - a southern species showing little relative change (-0.22

between the 1930-1969 and 1987-1999 recording periods) in distribution range

(Preston et al., 2002).

Table 4.1: Species selected for model validation using hindcasting.

Taxon Contracting Expanding Little

change

Round-leaved crane's-bill (Geranium

rotundifolium)

Higher plant X

Wood spurge (Euphorbia

amygdaloides)

Higher plant X

Scotch argus (Erebia aethiops) Butterfly X

Marbled white (Melanargia galathia) Butterfly X

Gatekeeper (Pyronia tithonus) Butterfly X

Azure damselfly (Coenagrion puella) Damselfly X

Azure hawker (Aeshna caerulea) Dragonfly X

White faced dragonfly (Leucorrhinia

dubia)

Dragonfly X

Nuthatch  (Sitta europaea) Bird X

Little egret (Egretta garzetta) Bird X

Twite (Carduelis flavirostris) Bird X

Ptarmigan (Lagopus mutus) Bird X

2) Geranium rotundifolium - a southern species which has shown one of the higher

relative increases in range (1.7) between 1930-1969 compared with 1987-1999

(Preston et al., 2002).  This has not been particularly attributed to humans.

3) Erebia aethiops – a common and widespread species in Scotland. Overall its range is

stable, but it has declined in the southern part of its range, especially in England

where it is reduced to just two isolated sites. Hill et al. (2002) found that northern

species, including E. aethiops, had shifted their distributions to higher elevations and

predicted that, based on current climate changes, distributions should have moved

northwards.

4) Melanargia galathia - this species is widespread in southern Britain and has

expanded northwards and eastwards over the last twenty years, despite some losses

within its range. It is expanding its range in parts of Britain, probably in response to

climate change, and at many sites there have been significant increases in abundance.

It is possible that some of the northward expansion may be due illicit releases by

breeders (R. Fox, pers. comm.). It was used successfully by Roy et al. (2001) to show

that the increases in the species were significantly associated with warm dry

summers.

5) Pyronia tithonus – this species has spread northwards, especially during the warm

summers of the 1980s and since 1989, but this has not been accompanied by an

increase in abundance in the Butterfly Monitoring Sites (Asher et al., 2001). It has

been used successfully by Roy et al. (2001) in historical and future potential suitable

climate space research.

6) Coenagrion puella – in MONARCH 1 this species was simulated to increase its

potential suitable climate space (Harrison et al., 2001) and it colonised the greatest

number of new grid squares between the periods 1960-1970 and 1985–1995

(Hickling et al., 2005).



7) Aeshna caerula- this was one of only two northern species examined by Hickling et

al., (2005) to show a decline in range size (the other being L. dubia, see 8) and it was

suggested that this was linked to climatic suitability.

8) Leucorrhinia dubia - this was the other northern species examined by Hickling et al.

(2005) to show a decline in range size and it was suggested that this too was linked to

climatic suitability.

9) Sitta europaea – between the two Atlases (1968-1972 and 1988-1991) this species

showed a mixed response, with losses largely in the south and gains in the north.

Similar results were produced for MONARCH 1, with a loss of potential suitable

climate space in the south of Britain and a large gain in the north (Berry et al., 2001).

Overall its abundance has increased rapidly since the mid-1970s. Despite minor

setbacks during the 1990s, there is no indication yet of a halt to the upward trend.

This increase has been accompanied by a range expansion into northern England

(Gibbons et al., 1993) and has been associated with a large increase in brood size.

The reasons for these changes are unknown, but it is a species known to be

responsive to changes in weather (Schmidt et al., 1992). A trend towards earlier

laying, perhaps as a result of climate change (Crick et al., 1997), has also been

identified.

10) Egretta garzetta – this species has shown a major increase in numbers since 1989.

The increase in UK numbers is thought to be a result of the extension of the species’

breeding distribution into northern France and the Low Countries as a consequence of

climate change (Musgrove, 2002; Robinson et al., 2005), although Crick (2004)

views this as speculative.  Increases in numbers in the non-breeding season,

associated with the spread in the species’ breeding distribution, have also been

recorded in Ireland, the northern and western coasts of France and northern Spain

(Combridge and Parr, 1992; Smiddy and O’Sullivan, 1998; Milne and O’Sullivan,

1999). This spread may be partly the result of milder winters. Little egrets have

previously been shown to suffer heavy mortality during severe cold weather (Hafner

et al., 1994).

11) Carduelis flavirostris – this species is in decline, with the numbers overwintering on

the East Anglian and south coast decreasing recently, possibly as a result of climate

change (Norris et al., 2004). This could be linked to loss in food supplies through a

decline in salt marshes due to sea level rise.

12) Lagopus mutus – this species is affected by weather cycles and in particular by

temperature (Watson et al, 2000).

4.3.2 Historical species data

The plant, dragonfly and damselfly data came from the Biological Records Centre, Centre for

Ecology and Hydrology, Monkswood. The full datasets contain years of recorded sightings in

the UK for 1km or 10km British National Grid (BNG) squares between 1500 and 1999,

although the vast majority are from the 20
th

 Century. Historical and current datasets were

constructed from all observations from the periods 1929-1969 and 1985-1999 respectively.

Observations before 1929 were not used due to a lack of data on monthly mean hours of

bright sunshine prior to this year and the possibility of recorder effort being a confounding

factor.

The bird data, except for E. garzetta, were based on the two breeding bird Atlases (Sharrock,

1976; Gibbons et al., 1993) for the periods 1968-1972 and 1988-1991 respectively and was

supplied by the British Trust for Ornithology at a 10km resolution for the BNG. No data on E.

garzetta were recorded in these surveys because the species was not normally resident in the

UK during these periods. The SPECIES model, therefore, was trained using 0.5
o

0.5
o

resolution data on the current distribution data of E. garzetta across Europe.



Finally, British distributions for the three butterflies M. galathea, E. aethiops and P. tithonus,

also at a 10km resolution, were provided by Butterfly Conservation, for the periods 1970-

1982 and 1995-1999. In all cases, datasets were subsequently extrapolated to a 5km grid

before proceeding with model training.

4.3.3 Historical climate data

The SPECIES model was run, for current and past climate, to identify where observed

distributions were outside their projected suitable climate space, so that the validity of the

‘SPECIES’ modelling approach could be evaluated.

A selection of monthly climate data was made available to the project for all years from 1914

to 2000 on the 5km grid from the Meteorological Office, through a UKCIP agreement.

Monthly grids for maximum, minimum and mean temperatures and rainfall were available

from 1914, whereas similar grids for sunshine were available from 1929.  Wind data, which is

used in the calculation of potential evapotranspiration (PET) and thus both the soil water

deficit and soil water surplus input variables to SPECIES, were not available prior to 1969.

Thus prior to this date the current wind data were substituted.  Although this does introduce a

small bias with regard to capturing the overall historical climate profile, the overall effect on

model projections should be quite small as wind speed represents only a fairly minor

component of PET. An alternative approach would have been to calculate PET using one of

several other formulae that do not require wind speed data. Besides giving less accurate

values for PET, these alternative methods were not used because doing so would have

introduced a potentially bigger bias, in that the preprocessing of bioclimatic data for

hindcasting would not be the same as that used in standard SPECIES modelling of the BAP

species, nor the same as the approach used in MONARCH 1 and 2.

These wind speed data were available for the UK only. The availability of comparable data

for Ireland was investigated, however it was discovered that gridded datasets for the pre-1960

period do not exist.  Historic monthly climate data from 1901 to 1960 are available on a 10’

grid from the EU ATEAM project.  However, these datasets have already been downscaled

from a 0.5
o
 to a 10’ resolution.  They could have been used to calculate anomalies from the

1961-90 mean before downscaling to the 5km grid and applying to the 5km baseline dataset

for Ireland.  However, this option would involve a lot of data processing and was thought to

be stretching the credibility of the data too far by taking it down to such a fine resolution.

In order to obtain the climate data for the hindcasting time slice in question, the monthly

climate data were averaged into annual values. These were then aggregated to form a single

value for a time period, which matched the recording period for the distribution data.

4.3.4 Model validation

The SPECIES bioclimatic envelope model was run for each of the 12 species using both

current and historical distribution and climate data for model training, so as to produce both

forward and backward projections of simulated potential suitable climate space. Forward

projections were obtained by training and validating the SPECIES model (as outlined in

Chapter 2) on historical data and then using the model to simulate future climate space for the

current baseline period: 1985-1999 for plants and invertebrates, 1988-1991 for birds and

1995-1999 for butterflies respectively. Similarly, backward projections were performed by

training the model using current baseline data as input and then projecting the model into the

past to obtain results for the historical periods 1929-1969, 1968-1972 and 1970-1982 for

plants and invertebrates, birds and butterflies respectively.

Maps of potential suitable climate space and observed distributions for both historical and

current baseline periods were then compared to assess independently the accuracy of the



model’s simulated potential suitable climate spaces. This was done by comparing

forward/backward simulated climate space with the observed current/historical distribution

and by comparing the simulated climate spaces of models that were trained on data from

different periods. Thus, given two different time periods, it was essentially possible to double

validate the SPECIES model using the results from both forward and backward projections.

4.4 Results

In order to validate the model over a range of conditions it was run with species representing

different taxa which have expanding or contracting distributions or have shown little change

in the recent past.

4.4.1 Expanding species

The SPECIES model shows a good to excellent match between the observed distribution and

simulated potential suitable climate space when the model is trained on data from the same

time period, as shown by Pyronia tithonus (Gatekeeper butterfly). It still results in a good

match when run forwards or backwards, although in the case of the former, the potential

suitable climate space is greater than the observed distribution (Figure 4.1). This could be a

result of the species’ distribution not expanding to keep pace with its changing potential

suitable climate space.

The model is not so competent at projecting into a different time period for the other species

representing expanding distributions. In the case of Coenagrion puella (Azure damselfly), for

the forward projection from the 1929-1969 period to the 1985-99 period, the model

underprojected the amount of gain in potential suitable climate space relative to the actual

expansion of its distribution (Figure 4.2). Conversely, in backward projection from 1995-99

to 1970-82, during which time the species effectively had a contracting range, the model

overprojected the amount of loss in potential suitable climate space and this is true of the

other species in this category. These apparent mismatches could be a function of the 1990s

being a warmer period (see Chapter 4.5).



Figure 4.1: Hindcasting of changes in potential suitable climate space for Pyronia tithonus.

a) Observed distribution 1970-

1982

b) Model trained on 1970-1982

distribution and run with 1970-

1982 climate data

c) Model trained on 1970-1982

distribution and run with 1995-

1999 climate data

d) Observed distribution 1995-

1999

e) Model trained on 1995-1999

distribution and run with 1970-

1982 climate data

f) Model trained on 1995-1999

distribution and run with 1995-

1999 climate data

Figure 4.2: Hindcasting of changes in potential suitable climate space for Coenagrion puella

a) Observed distribution 1929-

1969

b) Model trained on 1929-69

distribution and run with 1929-

69 climate data

c) Model trained on 1929-69

distribution and run with

1985-1999 climate data

d) Observed distribution1985- e) Model trained on 1985-1999 f) Model trained on 1985-



1999 distribution and run 1929-69

climate data

1999 distribution and run

with 1985-1999 climate data

4.4.2 Contracting species

The three species chosen to represent contracting species all have primarily northern

distributions, but comparatively small observed range changes in the time periods under

consideration. The general pattern of potential suitable climate space was generally correctly,

but oversimulated in all situations. This could be a consequence of factors other than climate

affecting the species’ distribution. In the case of L. dubia, for example, the potential suitable

climate space encompasses the few observed sites scattered in Britain and when the model is

trained on the 1929-1969 distribution and run with the 1929-1969 climate data (Figure 4.3b)

the potential suitable climate space is greater than when the model is run with 1985-1999

climate data (Figures 4.3c and f). This suggests that potential suitable climate space has

contracted between the two periods. The oversimulation means that, although the trend is in

the anticipated direction, the match is not particularly good. This could be a result of the

species only responding slowly to the loss of potential suitable climate space and this fits in

with the observed changes in other species under the onset of unfavourable climate conditions

(Ellis et al., 2005). Similar results are obtained for A. caerulea and E. aethiops. For L. dubia,

this is also likely to be a function of the species continuing to be found in southern Britain,

thus leading to the model simulating a wider range of climatic conditions as potentially

suitable.

Figure 4.3: Hindcasting of changes in potential suitable climate space for Leucorrhinia dubia

a) Observed distribution 1929-

1969

b) Model trained on 1929-69

distribution and run with 1929-69

climate data

c) Model trained on 1929-69

distribution and run with 1985-

1999 climate data

d) Observed distribution1985-

1999

e) Model trained on 1985-1999

distribution and run 1929-69

climate data

f) Model trained on 1985-1999

distribution and run with 1985-

1999 climate data



4.4.3 Species demonstrating little change

E. amygdaloides was selected as one of a few species that have shown comparatively little

change (Figure 4.4) and the SPECIES model oversimulated potential suitable climate space

when compared with the distribution data from similar time periods or from running the

model forwards.  As with the expanding species, the hindcasting led to overcontraction of the

potential suitable climate space. This suggests that climate may not be a key factor affecting

the distribution of this species in Britain.

Figure 4.4: Hindcasting of changes in potential suitable climate space for Euphorbia.

amygdaloides  

4.5 Discussion and conclusions

There are a number of issues that need to be considered when using hindcasting as a

technique for model validation. The first is the accuracy of the data used for model training. It

is well known that observed distributions, even for well-recorded areas like Britain and

Ireland, are not usually complete, especially for more historical time periods and that factors

such as recording effort may lead to apparent range changes.

Dennis et al., (1999) and Dennis and Hardy (1999) have found species richness and species

incidence to be positively correlated with recording intensity. Dennis and Thomas (2000)

have shown that recorders visit sites closer to their homes and those with a higher species

richness more frequently. They also found a bias in the land cover types visited. It is

a) Observed distribution

1929-1969

b) Model trained on 1929-

69 distribution and run with

1929-69 climate data

c) Model trained on 1929-

69 distribution and run with

1985-1999 climate data

d) Observed

distribution1985-1999

e) Model trained on 1985-

1999 distribution and run

1929-69 climate data

f) Model trained on 1985-

1999 distribution and run

with 1985-1999 climate data



important, therefore, to understand the geography of recorder effort as homes of recorders can

be aggregated at various spatial scales and this can affect the recording of species. Other

researchers investigating changes in historical distributions of species have also commented

on recorder effort as a confounding factor (Hill et al., 1999). They, and Warren et al. (2001),

addressed it by randomly selecting the same number of records for their model for the later

period as the earlier, taking into account regional variations in distributions. Hickling et al.

(2005) comment that, despite taking into account variation in sampling effort by only

considering squares examined in both time periods, they could not account for possible

change in sampling effort within these squares. Changes in recorder effort have also been

noted as a reason for an increased number of sites for some species, for example, Arabis

glabra (Tower mustard, a Biodiversity Action Plan species), rather than an actual recovery in

numbers or range. In other cases, such as Cupido minimus (Small blue butterfly), despite

increased effort the species has not been found in more locations.

Recently, some other schemes have introduced new ways of presenting recorder effort and

abundance of species on maps (for example, the Millennium Atlas of Butterflies in Britain and

Ireland, Asher et al., 2001). There is a need for a more systematic recording effort and

suggestions for ways of achieving this for British insects have been proposed (Dennis et al.,

1999), many of which are applicable to other taxa.

Another issue is the interpretation of the results. Regardless of the period on which the model

was trained, projections of the SPECIES model appear to oversimulate actual range shifts, but

this is not usually considerable. There are several factors which can help to explain this. One

obvious possibility relates to the model simulating a species’ fundamental niche not its

realised niche. Consequently, important factors determining a species’ actual distribution,

such as preferred habitat and land use type, or habitat destruction leading to habitat loss and

fragmentation of the landscape are completely ignored.  When Warren et al., (2001)

examined the changes in distribution size and abundance of 46 species of butterflies which

were close to their northern climatic range margins in Britain, and thus might be expected to

have expanded their range margins over the last 30 years; they found that three quarters had

actually declined as a consequence of habitat loss. Those which did show an expanded range

were more mobile species that were habitat generalists. Of the three butterfly species used for

hindcasting, all are habitat generalists; two are expanding their range and one contracting.

Another factor is the time taken for a species to reach equilibrium with any climate change

(Araújo and Pearson, 2005) and thus one would expect potential suitable climate space to be

broader than actual distribution at a given point in time. The rate at which equilibrium is

reached with new potential suitable climate space will be a function partly of the species’

dispersal ability and also the factors mentioned above, especially habitat availability. Hickling

et al. (2005) suggest that their studies showed that low dispersal rates and habitat

specialisation may lead to species lagging behind changes in their potential suitable climate

space. All these factors could help explain the oversimulation of potential suitable climate

space for expanding or apparently stable species.

Where species are losing suitable climate space, there may also be a lag in achieving

equilibrium, depending on the adaptability of the species. Ellis et al., (2005) when monitoring

changes in plant species’ distributions found it more difficult to show declines in northern

species, because they may be very persistent and only die out a while after conditions have

become unfavourable. It generally seemed to be more difficult to simulate the changes in

potential suitable climate space for contracting species because the changes are small, over

relatively short time periods, subtle and possibly not driven by climate change, although the

species were chosen so as to minimise other known drivers of change.

Overcontraction when hindcasting could be a function of the 1990s being a much warmer

period than the earlier periods, such as the 1960s or early 1970s, which were climatically



more stable. Thus, when the model is trained on the 1990s climate data and run backwards, a

greater degree of range loss is projected.

The apparent mismatch between the observed distribution and potential suitable climate space

was a problem identified by Araújo et al. (2005c). They tested a number of different species-

climate envelope models for their predictive accuracy against observed distributions for 116

birds, using the same time periods as this study. They encountered even more variable

modelling results for some species, in terms of projected range shifts varying in both

magnitude and direction from observed changes in distribution, than those for the four birds

used for testing the SPECIES model. Thus they showed that there is a degree of modelling

uncertainty, which can lead to very different results. They were able to improve the level of

agreement by a consensus approach, by combining outputs from four different models.

Discrepancies between observed distributions and simulated potential suitable climate space

have occurred, therefore, in other similar studies of model validation and these do not

necessarily mean poor model performance. These discrepancies can be explained by an

understanding of the factors affecting species’ distributions. Firstly, species may not be in

equilibrium with the current climate. In the case of expanding species, this may be function of

the species’ dispersal ability and of its lack of dispersal success, due to the absence of suitable

habitat. For contracting species, this could be a result of small, subtle changes in climate and

the species persisting in unfavourable conditions due to its longevity. Secondly, given that the

model outputs represent the species’ fundamental niche not its realised niche, factors other

than climate, such as habitat availability, may be contributing to the observed distribution and

thus oversimulation is to be expected.

The hindcasting has shown that the SPECIES model generally performs very well when

tested against observed distributions, especially when climate data for the appropriate

recording period is used and mismatches may be a function of the dynamics of species’ range

shifts.
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5 Quantifying uncertainties in the simulation of

potential suitable climate space for species due to

projections of future climate

P.A. HARRISON, C.L. THOMSON, J.R. O’HANLEY and P.M. BERRY

5.1 Summary

Twenty-eight climate change scenarios have been applied to the climate space models for six species

to explore uncertainties from three sources: future greenhouse gas emissions, imperfect understanding

of climate science and modelling, and natural climate variability.  The results show a wide range of

projections between different climate models and emissions scenarios, whilst uncertainties due to

natural climate variability tend to be less.  Uncertainties in the 2080s are generally greater than in the

2050s as might be expected.  The B1 (low) emissions scenario always projects the least severe

impacts.  Differences between the A1FI (high) and B1 emissions scenarios tend to be very large,

whilst differences between the A1FI and A2 emissions scenarios are smaller.  For most species, the

PCM model combined with the B1 (low) emissions scenario predicts the least severe losses or gains

in potential suitable climate space, whilst either the CSIRO2, HadCM3 or HadRM3 models combined

with the A1FI emissions scenario projects the most severe.  The different climate models project

similar patterns of losses and gains in climate space for L. bellargus, G. sylvaticum and B. pubescens,

but the severity of the projections differs quite significantly.  Alternatively, the patterns of losses in

climate space for C. vulgaris and E. palustris are very different, with losses centred on southern and

eastern England in the HadCM3 and HadRM3 models and in Ireland in the PCM model.

The UKCIP02 scenarios, which are based on the HadRM3 climate model, do not produce the most

severe impacts in most cases, although they are at the upper end of the range of projections.  They are

particularly severe in southern and eastern England, but other models produce greater impacts for

Scotland, Ireland and Wales under various scenarios.  Results for the UKCIP02 scenarios are

consistent with those from the HadCM3 and CSIRO2 models in many cases, whilst impacts from the

CGCM2 model tend to be slightly less severe and those from the PCM model significantly less

severe.  The uncertainty assessment highlights the importance of quantifying the range of projections

from a variety of climate models and emissions scenarios to scope uncertainty and provide additional

information for planning adaptive responses.

5.2 Introduction

Uncertainty is inherent in any form of modelling and can come from the construction of the model

itself and from its parameterisation. The uncertainty in projections of climate change and their impacts

on natural systems is a key research area, with clear implications for policy implementation and thus

important to address in the context of MONARCH. In the case of the SPECIES model, the model-

based uncertainty (Thuiller et al., 2004; Pearson et al., 2006) arises from the use of an artificial neural

network (ANN), as opposed to other model approaches, such as General Additive Models (GAM) or

Generalized Linear Models (GLM), and from the parameterisation of the climate variables used in

simulating potential suitable climate space for species. Other sources of uncertainty, which are not

included in SPECIES, have been considered in previous work, including our limited knowledge of in-

situ and existing adaptation (Hampe, 2004; Harte et al., 2004), biotic interactions (Davis et al., 1998)

and dispersal ability (Graham, 1990). Many of these issues have also been reviewed in Pearson and

Dawson (2003; 2004).

Several researchers have dealt with the uncertainty associated with species’ ability to track changes in

their suitable climate space through dispersal by assuming no dispersal or unlimited dispersal

(Thomas et al., 2004; Berry et al., 2006a; Thuiller et al., 2006). This captures the range of



possibilities, but does not explore the intermediate situation of limited dispersal, which could be

considered more realistic in many cases.

Climate uncertainty has been recognised by the Intergovernmental Panel on Climate Change (IPCC)

as a key developmental area in its assessment process (McAvaney et al., 2001). The climate of the

future will be determined by two factors: the amount of man-made emissions of greenhouse gases and

other pollutants, and the response of the climate system to these emissions (Jenkins and Lowe, 2003).

Global climate models (GCMs) with detailed representation of the atmosphere, ocean and land

surface are the only tools that can independently project climate change in the future (Lowe et al.,

2004).  The results of GCMs then need to be downscaled to the finer spatial resolutions required by

impact assessments.  Jenkins and Lowe (2003) illustrated these stages of generating climate change

scenarios (see Figure 5.1).  Figure 5.1 also shows the influence of natural variability, which can either

add to, or subtract from, any man-made changes.  Natural variability can be due to either internal

"chaos" in the climate system, or factors external to the climate system such as energy from the sun or

emissions from energetic volcanoes. Each of these stages and factors is a source of uncertainty in

projections of future climate, and although the level of uncertainty in some of these factors is being

reduced through research, the complexity of the system makes this a slow process, and it will never

reduce to zero (Jenkins and Lowe, 2003).

Figure 5.1: Stages representing sources of uncertainty in the generation of climate change scenarios

(source: Jenkins and Lowe, 2003).

The IPCC has concluded that coupled GCMs have evolved and improved significantly since its

Second Assessment Report. In general, they provide credible simulations of climate, at least down to

sub-continental scales and over temporal scales from seasonal to decadal, but that their varying sets of

strengths and weaknesses mean that no single model can be considered “best” and it is important to

utilise results from a range of GCMs (IPCC, 2001).

The EU-funded project, PRUDENCE, has assessed the uncertainty of European regional responses,

using a number of regional climate models (RCMs) driven by GCMs with a range of emissions

scenarios. One of their conclusions was that probably the largest source of uncertainty, especially

when averaging over large time and space scales, comes from the different projections of global

climate models (Hesselbjerg Christensen, 2004). An analysis of the potential impacts of climate

change on a range of crop parameters using these models also showed a wide spread of results derived

from the uncertainties in future climate (Fronzek and Carter, submitted). The PRUDENCE project

goes on to suggest that, given the diversity within models and the uncertainty that they produce,

investment in their development is very important.

The UKCIP02 climate change scenarios (Hulme et al., 2002) represented a major step forward in the

development of climate change scenarios for impact and adaptation studies as they were based on the



Hadley Centre Regional Climate Model (HadRM3), enabling improved spatial detail and

representation of extremes.  Four scenarios were presented, corresponding to four different possible

pathways of future emissions, to take into account this cause of uncertainty.  It was not possible to

include the other main cause of uncertainty in projections, due to our limited understanding of the

climate system and ability to model it (known as "science uncertainty" or "model uncertainty") as no

other regional climate projections were available (Jenkins and Lowe, 2003).  Thus, the UKCIP02

technical report (Hulme et al., 2002) states the need to consider more than one UKCIP02 scenario for

most studies, and include consideration of projections from other climate models to scope uncertainty.

Uncertainties in climate change scenarios arising from three sources have been considered in

MONARCH3: (a) greenhouse gas emissions, (b) climate models, and (c) natural variability.

5.3 Method

5.3.1 Uncertainty associated with emissions scenarios

Future emissions of greenhouse gases will depend upon socio-economic factors such as future

population, economic growth, energy use and the technology available.  The Special Report on

Emission Scenarios (SRES) of the IPCC (Nakicenovic and Swart, 2000) developed several plausible

ways in which the world could develop over the next century in terms of narratives (or storylines).

The assumptions underpinning these storylines are described in a consistent qualitative way by

summarising two major dimensions.  The first dimension focuses on ‘material consumption’ (A)

versus ‘sustainability, equity and environment’ (B).  The second dimension distinguishes

'globalisation’ (1) versus ‘regionalisation’ (2).  The storylines specified typical aspects, processes and

their dynamics for each of the four quadrants identified by these dimensions (A1, B1, A2 and B2)

(ATEAM, 2004).  The A1 scenario was further elaborated by assuming different combinations of

fuels and technology development to satisfy energy demand.  Of these A1 sub-scenarios, we consider

only the A1FI scenario in MONARCH 3, where the energy system remains dominated by fossil fuels.

A full description of the storylines is presented by Nakícenovíc et al. (2000).  One of the strengths of

using the SRES framework is that the assumed socio-economic changes relate directly to climate

change through the SRES emissions scenarios.

The UKCIP02 scenarios relate to the SRES emissions scenarios – Low is B1, Medium-Low is B2,

Medium-High is A2 and High is A1FI.  These emissions scenarios diverge immediately and rapidly

from less than today’s under B1 to a fourfold increase on today’s levels under A1FI and A2 by 2100.

It is not possible to put relative probabilities on any of the emissions scenarios; they simply present an

indication of the range of possible future anthropogenic emissions.  The likelihood of each scenario

depends on how valid its underlying assumptions concerning how the world may develop are

regarded (Hulme et al., 2002).  The global warming produced by these emissions scenarios, estimated

by the Hadley Centre global climate model, is shown in Figure 5.2.  The warming over the next 40

years or so from each emissions scenario is very similar. This is because much of the warming over

the next few decades is already built into the climate system due to current emissions and those over

the past several decades. Thus, uncertainty in emissions makes little contribution to uncertainty in

climate change over the next 40 years, but in the latter half of the century it makes a major

contribution (Jenkins and Lowe, 2003).

Two emissions scenarios for the 2050s (B1/Low and A1FI/High) and three emissions scenarios for

the 2080s (B1/Low, A2/Medium-High and A1FI/High) have been applied in the SPECIES model, run

for a selection of species.  The B1/Low and A1FI/High scenarios were chosen to capture the range of

uncertainty due to greenhouse gas emissions in both time periods.  An intermediate scenario

(A2/Medium-high) was also selected for the 2080s time period where differences between emissions

scenarios are large.



Figure 5.2: Global-mean surface-air temperature rise, estimated by the Hadley Centre HadCM3

model, resulting from the four SRES emissions scenarios (source: Jenkins and Lowe, 2003).

5.3.2 Uncertainties associated with climate models

Climate model uncertainty arises because we have a limited understanding of many climate processes

and different scientists will represent them in different (but plausible) ways in their models (Jenkins

and Lowe, 2003).  Numerical models (GCMs), representing physical processes in the atmosphere,

ocean, cryosphere and land surface, are the most advanced tools currently available for simulating the

response of the global climate system to increasing greenhouse gas concentrations. While simpler

models have also been used to provide globally- or regionally-averaged estimates of the climate

response, only GCMs, possibly in conjunction with nested regional models, have the potential to

provide geographically and physically consistent estimates of regional climate change which are

required in impact analysis (IPCC DDC, 2005).

GCMs depict the climate using a three dimensional grid over the globe, typically having a horizontal

resolution of between 250 and 600 km, 10 to 20 vertical layers in the atmosphere and sometimes as

many as 30 layers in the oceans.  Their resolution is thus quite coarse relative to the scale of exposure

units in most impact assessments.  Moreover, many physical processes, such as those related to

clouds, also occur at smaller scales and cannot be properly modelled.  Instead, their known properties

must be averaged over the larger scale in a technique known as parameterisation.  This is one source

of uncertainty in GCM-based simulations of future climate.  Others relate to the simulation of various

feedback mechanisms in models concerning, for example, water vapour and warming, clouds and

radiation, ocean circulation and ice and snow albedo (IPCC DCC, 2005).  For this reason, GCMs may

simulate quite different responses to the same forcing, simply because of the way certain processes

and feedbacks are modelled.

Scenarios based on four global climate models (CSIRO2, HadCM3, CGCM2, PCM), each

considering the emissions scenarios described above, have been applied to a selection of SPECIES

models in MONARCH.  All four GCMs are available from the IPCC Data Distribution Centre (DDC).

The IPCC DDC suggest five criteria that should be met by climate scenarios if they are to be useful

for impact researchers and policy-makers:

Criterion 1: Consistency with global projections.  They should be consistent with a broad range of

global warming projections based on increased concentrations of greenhouse gases.  This range is

variously cited as 1.4 to 5.8°C by 2100, or 1.5 to 4.5°C for a doubling of atmospheric CO2

concentration (otherwise known as the "equilibrium climate sensitivity").



Criterion 2: Physical plausibility.  They should be physically plausible; that is, they should not violate

the basic laws of physics.  Hence, changes in one region should be physically consistent with those in

another region and globally.  In addition, the combination of changes in different variables (which are

often correlated with each other) should be physically consistent.

Criterion 3: Applicability in impact assessments.  They should describe changes in a sufficient

number of variables on a spatial and temporal scale that allows for impact assessment.  For example,

impact models may require input data on variables such as precipitation, solar radiation, temperature,

humidity and windspeed at spatial scales ranging from global to site and at temporal scales ranging

from annual means to daily or hourly values.

Criterion 4: Representative.  They should be representative of the potential range of future regional

climate change.  Only in this way can a realistic range of possible impacts be estimated.

Criterion 5: Accessibility.  They should be straightforward to obtain, interpret and apply for impact

assessment.  The IPCC DDC is designed to help meet this need.

All four GCMs used in MONARCH meet the first two criteria and at least partially fulfil the third

criteria (only partially due to the coarse resolution of GCMs) (Table 5.1).  However, they are unlikely

to satisfy criterion 4 concerning the uncertainty range of regional projections.  Even the selection of

all the available GCM experiments would not guarantee a representative range, due to other

uncertainties that GCMs do not fully address, especially the range in estimates of future atmospheric

composition.  The inclusion of three emissions scenarios, in addition to four GCMs, helps to address

this criterion in MONARCH.  Application of the UKCIP02 scenarios, based on the HadRM3 model,

also enables projections from a nested higher resolution regional model to be compared with those

from the coarser resolution GCMs.  Table 5.2 summarises the climate change scenarios which have

been applied to a selection of SPECIES models in MONARCH to assess uncertainty due to both

greenhouse gas emissions and climate models.

Table 5.1: Summary details for the four GCMs used in MONARCH.

Model Country Approx grid

spacing over UK

Transient

climate

response (
o
C)

1

Equilibrium

climate

sensitivity (
o
C)

2

Effective

climate

sensitivity (
o
C)

3

CGCM2 Canada 340 2.0
4

3.5
4

3.6
4

CSIRO2 Australia 360 2.0 4.3 3.7

HadCM3 UK 265 2.0 3.3 3.0

DOE PCM USA 250 1.3 2.1 1.7

1
  Transient climate response (TCR) = global mean temperature when CO2 doubling occurs under a 1%/yr

increase emissions experiment.  Ranges from 1.1 to 3.1
o
C (1.8

o
C average) in IPCC (2001).

2
  Equilibrium climate sensitivity = change in global mean temperature after a new equilibrium is reached

following CO2 doubling.
3
  Effective climate sensitivity = similar to equilibrium climate sensitivity but measured from transient climate

models, giving a measure of the strength of feedbacks at a particular time.  Ranges from 1.7 to 4.2
o
C in IPCC

(2001).
4
  Values taken from CGCM1 as not available yet from CGCM2.

Outputs from the four GCMs were obtained from the EC ACCELERATES project (Assessing

Climate Change Effects on Land use and Ecosystems: from Regional Analysis to the European Scale;

www.geo.ucl.ac.be/accelerates; Rounsevell et al, 2006).  These climate change scenarios were in turn

based on the EC ATEAM project (Advanced Terrestrial Ecosystem Analysis and Modelling;

www.pik-potsdam.de/ateam) European climate scenarios (Mitchell et al., 2004).  Both these projects

had post-processed the original GCM datasets to extract monthly time series of climate data for the



Table 5.2: Summary of climate change scenarios being utilised in MONARCH to assess uncertainty

due to greenhouse gas emissions and climate models.  Blue shading indicates scenarios for the time

periods 2050s (2041-2070) and 2080s (2071-2100), whilst red shading indicates scenarios for the

2080s time period only.

Climate model / Science uncertainty

HadRM3* HadCM3 PCM CGCM2 CSIRO2

A1FI (High)

A2 (Med-High)

B2 (Med-Low)

Emissions

uncertainty

B1 (Low)

* UKCIP02 scenarios.

period 2001-2100 covering the European land surface (11°W – 32°E and 34°N – 72°N).  Data were

provided for four key meteorological variables (cloud cover, diurnal temperature range, precipitation

and mean temperature) and were downscaled from the original GCM resolution to a standard grid

resolution of 10 minutes of latitude and longitude (about 18 x 18 km).  For each GCM, scenarios were

available for the four SRES emissions scenarios (A1FI, A2, B1, B2).  These 16, equally plausible,

scenarios cover 93% of the possible range of future global warming estimated by the IPCC (2001)

(Figure 5.3).

The ACCELERATES climate scenarios were converted into change fields with respect to the 1961-90

mean on the 10’ grid.  These change fields were then downscaled to the 5km x 5km grid for Britain

and Ireland.  A simple downscaling technique was used whereby the 10’ climate change fields were

directly applied to the higher resolution gridded baseline climatology.  This method adds no new

meteorological information and assumes that the spatial pattern of current (i.e. 1961-90) climate

remains the same into the future. Whilst more sophisticated methods are available, they are often

expensive to implement and are based upon their own (often unquantifiable) assumptions (del Barrio

et al., 2006). Alternatively, the method used was quick and easy to apply and enabled a range of

scenarios to be explored.  Maps showing the spatial distribution of annual and seasonal changes in

temperature and precipitation and summary statistics showing projected changes averaged across

England, Wales, Scotland, Northern Ireland and the Republic of Ireland were computed for both the

UKCIP02 and GCM scenarios.  All maps and tables of statistics are available on the ECI password-

protected website (www.eci.ox.ac.uk/biodiversity/monarch).

Tables 5.3 to 5.5 summarise changes in annual temperature and summer (June, July, August) and

winter (December, January, February) precipitation for all 25 scenarios associated with uncertainties

due to emissions scenarios and climate models.  Differences in annual temperature change between

the emissions scenarios are small under the CSIRO2 model compared with the other climate models

and the A2 emissions scenario actually results in slightly greater increases in temperature than the

A1FI scenario (Table 5.3).  This is not the case for the other models which show annual temperature

increases becoming progressively more severe from the B1 (low) to the A2 (medium-high) to the

A1FI (high) emissions scenario as would be expected.  Annual temperature changes tend to be

greatest in England and Wales and lowest in Northern Ireland and Scotland under the UKCIP02 and

HadCM3 scenarios.  The CGCM2 model also projects slightly greater increases in annual temperature

for England and Wales under most emissions scenarios and time slices, but similar changes for

Scotland, Northern Ireland and the Republic of Ireland.  Conversely, changes in temperature are

greatest in Scotland under the PCM model for all emissions scenarios and time slices and under the

CSIRO2 model for the B1 emissions scenario.  In addition to differences in the pattern of projections

between the climate models, there are also differences in the magnitude of response.  The HadCM3

and CSIRO2 models tend to project the largest increases in annual temperature depending on the

emissions scenario, time slice and region.  These are followed by the UKCIP02 scenarios and the

CGCM2 model, with the PCM model always projecting the smallest increases in annual temperature

in England, Wales and the Republic of Ireland, but only under the B1 emissions scenario for Scotland

and Northern Ireland, due to the different pattern of response.



Figure 5.3: Change in global-mean temperature (upper graph) and global-mean precipitation (lower

graph) estimated by nine climate models (including the four being utilised in this study) forced by the

SRES A2 emissions scenario (source: IPCC, 2001).



Table 5.3: Annual temperature change (
o
C) relative to the 1961-90 mean for the UKCIP02 scenarios,

four GCMs, three emissions scenarios and two time slices.  Common time slices and emissions

scenarios are shaded in the same colour for each climate model.

England Wales Scotland Northern

Ireland

Republic of

Ireland

UKCIP02 2050 LO 1.42 1.32 1.07 1.05 1.13

UKCIP02 2050 HI 2.25 2.10 1.70 1.67 1.79

UKCIP02 2080 LO 2.01 1.87 1.52 1.49 1.59

UKCIP02 2080 MH 3.31 3.08 2.50 2.45 2.62

UKCIP02 2080 HI 3.90 3.64 2.95 2.89 3.09

HadCM3 2050 B1 1.55 1.51 1.39 0.89 1.25

HadCM3 2050 A1FI 2.42 2.40 1.95 1.38 1.92

HadCM3 2080 B1 2.02 1.97 1.81 1.15 1.62

HadCM3 2080 A2 3.14 3.10 2.76 1.83 2.49

HadCM3 2080 A1FI 3.98 3.95 3.19 2.24 3.13

CSIRO2 2050 B1 1.54 1.43 1.74 1.64 1.53

CSIRO2 2050 A1FI 1.68 1.56 1.69 1.61 1.59

CSIRO2 2080 B1 2.02 1.88 2.29 2.15 2.01

CSIRO2 2080 A2 2.93 2.77 2.87 2.77 2.76

CSIRO2 2080 A1FI 2.79 2.58 2.81 2.68 2.65

CGCM2 2050 B1 1.21 1.08 1.11 1.08 1.08

CGCM2 2050 A1FI 1.98 1.91 1.74 1.77 1.74

CGCM2 2080 B1 1.58 1.50 1.46 1.42 1.42

CGCM2 2080 A2 2.61 2.52 2.28 2.31 2.27

CGCM2 2080 A1FI 3.25 3.14 2.84 2.86 2.82

PCM 2050 B1 0.59 0.58 0.70 0.62 0.58

PCM 2050 A1FI 1.51 1.48 1.73 1.51 1.44

PCM 2080 B1 0.78 0.75 0.91 0.81 0.76

PCM 2080 A2 1.99 1.95 2.27 1.98 1.90

PCM 2080 A1FI 2.44 2.39 2.78 2.42 2.33

The changes shown in Tables 5.4 and 5.5 are absolute changes in precipitation rather than percentage

changes to enable direct comparison between regions.  The importance of the projected changes for

each region will depend on the magnitude of current summer and winter precipitation.  Changes in

summer precipitation (Table 5.4) vary in both the direction and magnitude of change between the

different climate models.  The UKCIP02 scenarios and the HadCM3 model show substantial

decreases in summer precipitation in all regions, with the largest decreases occurring in Wales and the

smallest in Scotland and Northern Ireland.  The CGCM2 model also shows decreases in summer

precipitation for England under all emissions scenarios and time slices and for Wales under the B1

emissions scenario, although the magnitude of the decreases is less.  All other scenarios show either

very small decreases or increases in summer precipitation.  No model is wettest in all circumstances

rather the projections vary, without any consistent trend, by region, time slice, emissions scenario and

climate model.  Changes in summer precipitation tend to be more severe under the A1FI (High)

emissions scenario than under the B1 (Low) emissions scenario as would be expected.  This is shown

as projections becoming gradually drier from the B1 to the A2 to the A1FI emissions scenarios under

UKCIP02, HadCM3 and CSIRO2 in all regions and partly under CGCM2 and PCM in England.  In

most other climate models and regions, the trend is for increases in precipitation to become greater as

the emissions scenario becomes more severe.



Table 5.4: Summer precipitation change (mm/month) relative to the 1961-90 mean for the UKCIP02

scenarios, four GCMs, three emissions scenarios and two time slices.
England Wales Scotland Northern

Ireland

Republic of

Ireland

UKCIP02 2050 LO -10.21 -14.11 -8.22 -10.24 -12.05

UKCIP02 2050 HI -16.22 -22.42 -13.06 -16.26 -19.15

UKCIP02 2080 LO -14.48 -20.02 -11.66 -14.52 -17.10

UKCIP02 2080 MH -23.82 -32.51 -19.19 -23.89 -28.13

UKCIP02 2080 HI -28.06 -38.16 -22.60 -28.17 -33.17

HadCM3 2050 B1 -14.42 -18.56 -6.80 -5.28 -12.74

HadCM3 2050 A1FI -19.62 -23.50 -10.45 -9.71 -17.75

HadCM3 2080 B1 -18.88 -24.29 -8.90 -6.90 -16.68

HadCM3 2080 A2 -22.38 -27.54 -12.61 -12.26 -21.39

HadCM3 2080 A1FI -32.03 -38.63 -17.26 -16.01 -29.31

CSIRO2 2050 B1 4.40 5.38 3.92 6.12 3.59

CSIRO2 2050 A1FI -0.30 -2.86 0.98 0.28 -3.58

CSIRO2 2080 B1 5.81 7.13 5.18 8.09 4.74

CSIRO2 2080 A2 3.89 0.50 6.35 5.89 -0.06

CSIRO2 2080 A1FI -0.49 -4.79 1.67 0.47 -5.99

CGCM2 2050 B1 -3.41 -1.07 1.78 0.58 0.22

CGCM2 2050 A1FI -3.21 2.71 6.68 1.45 0.64

CGCM2 2080 B1 -4.47 -1.39 2.32 0.76 0.27

CGCM2 2080 A2 -4.30 3.63 8.96 1.96 0.87

CGCM2 2080 A1FI -5.33 4.49 11.09 2.42 1.07

PCM 2050 B1 1.99 2.17 3.59 2.83 2.31

PCM 2050 A1FI -0.44 0.14 3.69 3.06 2.12

PCM 2080 B1 2.54 2.79 4.61 3.61 2.95

PCM 2080 A2 -0.57 4.89 4.89 4.06 2.84

PCM 2080 A1FI -0.69 0.23 5.98 4.95 3.46

Table 5.5: Winter precipitation change (mm/month) relative to the 1961-90 mean for the UKCIP02

scenarios, four GCMs, three emissions scenarios and two time slices.
England Wales Scotland Northern

Ireland

Republic of

Ireland

UKCIP02 2050 LO 6.41 10.39 7.11 6.53 5.30

UKCIP02 2050 HI 10.18 16.51 11.29 10.38 8.42

UKCIP02 2080 LO 9.09 14.74 10.08 9.27 7.51

UKCIP02 2080 MH 14.95 23.92 16.59 15.25 12.36

UKCIP02 2080 HI 17.60 27.88 19.54 17.98 14.58

HadCM3 2050 B1 7.78 9.09 9.84 9.11 11.53

HadCM3 2050 A1FI 16.17 16.96 12.29 13.69 16.08

HadCM3 2080 B1 10.20 11.90 12.90 11.95 15.07

HadCM3 2080 A2 17.80 19.92 15.42 19.48 22.14

HadCM3 2080 A1FI 26.70 28.00 20.29 22.61 26.55

CSIRO2 2050 B1 5.31 3.31 3.16 1.91 4.66

CSIRO2 2050 A1FI 8.14 9.77 4.69 5.13 11.47

CSIRO2 2080 B1 7.01 4.39 4.17 2.53 6.17

CSIRO2 2080 A2 13.64 20.32 10.49 13.01 22.54

CSIRO2 2080 A1FI 13.64 16.38 7.83 8.58 19.22

CGCM2 2050 B1 8.57 8.47 5.69 6.18 5.73

CGCM2 2050 A1FI 13.91 11.74 7.42 13.88 12.98

CGCM2 2080 B1 11.24 11.11 7.44 8.11 7.51

CGCM2 2080 A2 18.60 15.68 9.92 18.55 17.35

CGCM2 2080 A1FI 23.03 19.42 12.27 22.95 21.46

PCM 2050 B1 1.27 1.32 1.35 1.13 2.39

PCM 2050 A1FI 1.62 1.86 2.42 2.04 4.44

PCM 2080 B1 1.63 1.70 1.74 1.47 3.07

PCM 2080 A2 2.16 2.49 3.20 2.70 5.87

PCM 2080 A1FI 2.63 3.03 3.92 3.28 7.17



Increases in winter precipitation (Table 5.5) are projected under all scenarios for all regions.

Increases are greatest under the A1FI (or High) emissions scenario and least under the B1 (or low)

emissions scenario for all climate models as would be expected.  However, the CSIRO2 model

projects greater increases in winter precipitation under the A2 (Medium-high) than the A1FI (high)

emissions scenario, replicating the unusual trend described for annual temperature change.  The most

severe projections occur under the HadCM3 model and the UKCIP02 scenarios and the least severe

are found under the PCM model.  Wales is the wettest region under the UKCIP02 scenarios, England

is the wettest under the CGCM2 model, the Republic of Ireland is wettest under the PCM model,

whilst no region is consistently wetter than the others under the HadCM3 and CSIRO2 models for the

different emissions scenarios and time slices.  This highlights the significant spatial variation between

the different climate models in their projections of precipitation patterns.

5.3.3 Uncertainties associated with natural variability

Climate in the future will vary from year to year and decade to decade, just as it does at present, due

to the chaotic nature of the climate system (Jenkins and Lowe, 2003).  Natural climate variability can

either add to, or subtract from, any man-made changes in future climate. Consequently, climate model

simulations made with the same climate model and set of emissions, but different plausible initial

conditions, will project a range of future climates (Lowe et al., 2004).

It is not yet possible to project the effect of this natural variability in a given future decade, but it is

possible to quantify its range of uncertainty by applying ensemble simulations to the SPECIES model

runs.  These are different climate simulations from the same global climate model under the same

emissions scenario, each initialised with different (random) starting conditions in the control run of

the climate model.  Three ensemble simulations are available from the HadRM3 model for the A2

(Medium-high) emissions scenario for the 2080s time-slice, named A2a, A2b and A2c.  The mean of

these ensembles was used to construct all the UKCIP02 scenarios (the Low, Medium-low and High

emissions scenarios were scaled from the Medium-high ensemble-average simulation).  The

UKCIP02 Medium-high (A2) emissions scenario (based on the ensemble-mean) has been applied to a

selection of SPECIES model runs in MONARCH 3 and compared with the three individual A2

ensemble simulations for the 2080s time-slice, in order to capture uncertainties associated with multi-

decadal natural variability.

Analysing the effects of climate variability on the outputs from the SPECIES model runs will help to

distinguish the relative magnitude of the impacts which is attributable to human-induced climate

change as opposed to natural climate variability, allowing climate change impacts to be interpreted in

a more meaningful manner.  Little variation between ensemble members suggests that most of the

change is human in origin, whilst large variations between the members suggests natural climatic

variability dominates (Hulme et al., 2002).

Changes in mean annual temperature and summer (June, July, August) precipitation for the three

HadRM3 ensembles and the mean of the ensembles are shown in Figures 5.4 and 5.5, respectively.

The differences between the ensembles are much smaller than those shown in Tables 5.3 to 5.5 for the

different climate models and emissions scenarios.  The pattern of annual temperature change is the

same for all the ensembles, with A2c showing the greatest increases in temperature and A2b the least.



Figure 5.4: Changes in mean annual temperature (
o
C) for the 2080s for the three HadRM3 ensembles

(A2a, A2b and A2c) and the mean of the three ensembles used to construct the UKCIP02 Medium-

high scenario.

HadRM3 A2a ensemble HadRM3 A2b ensemble Key

HadRM3 A2c ensemble HadRM3 A2mean (UKCIP02 MH) Key

The pattern of change in summer precipitation is also very similar between the different ensemble

scenarios with the largest decreases in the west of Britain and Ireland (Figure 5.5).  The A2c ensemble

shows the greatest increases in summer precipitation around the coast of Scotland and shows

generally lower decreases in summer precipitation in the rest of the region.  Alternatively, the A2a

ensemble shows slightly higher decreases in summer precipitation in most of Britain and Ireland

compared with the A2b and A2c scenarios.



Figure 5.5: Changes in mean summer precipitation (mm/month) for the 2080s for the three HadRM3

ensembles (A2a, A2b and A2c) and the mean of the three ensembles used to construct the UKCIP02

Medium-high scenario.

HadRM3 A2a ensemble HadRM3 A2b ensemble Key

HadRM3 A2c ensemble HadRM3 A2mean (UKCIP02 MH)

5.3.4 Selection of species for climate uncertainty assessment

Six species, representing different types of response, have been selected for application of the

uncertainty scenarios (Table 5.6).  Species have been chosen which have excellent agreement between

observed and simulated European distributions, thus indicating that the model has trained well,

achieving a good match between the distribution and the bioclimate input variables.  By definition,

species with stable ranges in Britain and Ireland have a low sensitivity to climate change within these



countries, although it is possible that sensitivity on other geographical scales could occur.  Given the

limited number of species to be selected, trying to get a range of sensitivity responses at other scales

has not been attempted.  Species with medium sensitivity were chosen, such that the boundaries of

their future climate envelopes do not shift more than about 100 km, while those with greater shifts

than this were considered, as being highly sensitive.

Table 5.6: Species selected for the application of the climate uncertainty scenarios.

Species response Expand Contract Stable

Low sensitivity Betula pubescens

(Downy birch)

Calluna vulgaris

(Heather)

Medium sensitivity Epipactis palustris

(Marsh helleborine)

Lepus europaeus

(European hare)

High sensitivity Lysandra bellargus

(Adonis blue)

Geranium sylvaticum

(Wood crane’s-bill)

5.4 Results

5.4.1 Validation of baseline simulations

The SPECIES model was trained on the observed European distributions of the six selected species at

the 0.5
o
 latitude/longitude resolution.  The validation statistics for each neural network model all show

excellent agreement between observed and simulated baseline distributions at the European scale

(Table 5.7).  Maps of the observed and simulated distributions for Britain and Ireland at a finer

resolution are shown in Figure 5.6.  Visual comparison between the observed and simulated maps

shows very close correspondence for L. bellargus, G. sylvaticum and B. pubescens.  Agreement is also

good for the other three species, although the fragmented nature of their observed distributions is not

always replicated by the model.  There is also a slight underprojection in suitability for C. vulgaris in

Scotland and for L. europaeus in England.

Table 5.7: ROC and Kappa statistics for the independent validation of the SPECIES models at the

European scale.

Species ROC statistic Kappa statistic

Lysandra bellargus 0.98 0.85

Geranium sylvaticum 0.98 0.86

Betula pubescens 0.98 0.88

Calluna vulgaris 0.96 0.79

Epipactis palustris 0.98 0.84

Lepus europaeus 0.96 0.84



Figure 5.6: Comparison of observed distribution (left map) and simulated baseline potential suitable

climate space (right map) for the six selected species at the Britain and Ireland scale.  (Source of all

the observed distribution maps is the National Biodiversity Network website: www.searchnbn.net,

where the plant distributions have been provided by the Botanical Society of the British Isles).

a) Observed distribution for L bellargus b) Simulated baseline for L. bellargus

a) Observed distribution for G. sylvaticum b) Simulated baseline for G. sylvaticum

a) Observed distribution for B. pubescens b) Simulated baseline for B.pubescens



a) Observed distribution for C.vulgaris b) Simulated baseline for C. vulgaris

a) Observed distribution for E. palustris b) Simulated baseline for E. palustris

a) Observed distribution for L. europeaus b) Simulated baseline for L. europaeus



5.4.2 Application of climate uncertainty scenarios

5.4.2.1 Lysandra bellargus (Adonis blue)

Results from applying the 28 climate uncertainty scenarios to the SPECIES model for L. bellargus are

summarised in Table 5.8 and Figures 5.7 and 5.8.  Table 5.8 shows the aggregate changes in climate

space for each scenario across the entire 5km grid for Britain and Ireland.  Losses in climate space are

small under most scenarios and the overlap between the current and future potential suitable climate

space remains high.  Slightly greater losses are apparent under the A1FI emissions scenario for all

climate models in the 2080s, ranging from 8 to 26%.  Very large gains in potential suitable climate

space occur under all scenarios, ranging from 127 to 586% in the 2050s and from 167 to 713% in the

2080s.  These large gains in potential suitable climate space, accompanied by only small losses, are

reflected in changes to the overall amount of potential suitable climate space within Britain and

Ireland, with coverage increasing from 9% in the baseline simulation to between 21 and 63% in the

2050s and between 25 and 75% in the 2080s.  There is a sizeable range of projections between the

scenarios, particularly in terms of gain in potential suitable climate space and overall amount of

potential suitable climate space.  These differences between the scenarios are shown spatially in

Figures 5.7 and 5.8.  Differences between the HadRM3 ensemble scenarios representing uncertainty

due to natural climate variability are smaller than differences due to emissions and climate model

uncertainty.  However, there is still some variation with gains in potential suitable climate space

ranging from 628 to 712% and losses ranging from 3 to 11%.

Table 5.8: Summary statistics for changes in potential suitable climate space for L. bellargus for all

uncertainty scenarios: gain in potential suitable climate space, loss in potential suitable climate space,

overlap between current and future potential suitable climate space, and overall amount of potential

suitable climate space within Britain and Ireland.

Gain (%) Loss (%) Overlap (%) Overall (%)Scenario

2050 2080 2050 2080 2050 2080 2050 2080

PCM A1FI 342 331 6 26 94 74 40 38

PCM A2 - 353 - 14 - 86 - 41

PCM B1 127 167 2 3 98 97 21 25

CGCM2 A1FI 568 623 2 10 98 90 62 66

CGCM2 A2 - 620 - 4 - 96 - 67

CGCM2 B1 380 436 2 4 98 96 44 49

CSIRO2 A1FI 555 677 2 8 98 92 61 71

CSIRO2 A2 - 713 - 8 - 92 - 75

CSIRO2 B1 573 665 1 3 99 97 62 71

HadCM3 A1FI 586 623 2 12 98 88 63 66

HadCM3 A2 - 662 - 4 - 96 - 70

HadCM3 B1 450 487 0 1 100 99 51 54
a
HadRM3 A1FI 582 670 1 17 99 83 63 70

b
HadRM3 A2 - 666 - 7 - 93 - 70

c
HadRM3 B1 456 553 0 1 100 99 52 60

HadRM3 A2a - 712 - 3 - 97 - 75

HadRM3 A2b - 673 - 6 - 94 - 71

HadRM3 A2c - 628 - 11 - 89 - 67

a
  Same as the UKCIP02 high emissions scenario.

b
  Same as the UKCIP02 medium-high emissions scenario.

c
  Same as the UKCIP02 low emissions scenario.

The PCM climate model shows smaller gains in potential suitable climate space than the other four

models, whose projections are fairly similar when the overall extent of the projections (shown in red)

is examined (Figure 5.7).  Under the HadRM3, HadCM3, CSIRO2 and CGCM2 models, potential

suitable climate space expands throughout most of Ireland and into central and northeast Scotland.

Alternatively, the PCM model shows potential suitable climate space extending into only small parts

of Scotland and parts of northern England remain unsuitable.  Differences between the emissions



scenarios for each climate model can be explored by examining the difference between the areas

where all the emissions scenarios agree (shown in blue) and those where they disagree (shown in red).

These differences are least for the CSIRO2 model where the area of red shading is quite small.  All

other climate models show fairly large differences between the emissions scenarios with the blue

shading representing the B1 (or low) emissions scenario and the red shading representing the A1FI (or

high) emissions scenario.  The HadRM3, HadCM3 and CGCM2 models show much of Scotland and

Northern Ireland in red shading indicating that only the more extreme emissions scenarios result in

these regions being classified as potentially suitable for L. bellargus.

The overall uncertainty between the different climate scenarios is summarised for the 2050s and

2080s in Figure 5.8.  Here, the blue shading where all the scenario projections agree tends to be

governed by the PCM B1 scenario which projects the smallest gains in potential suitable climate

space, whilst the extent of the red shading tends to result from an aggregation of the other four climate

models under the A1FI emissions scenario.

Figure 5.7: Summary of climate model and emissions uncertainty for 2080 for L. bellargus.  Each

map is based on SPECIES model output for three different emissions scenarios: A1FI, A2 and B1.

Key: white = projections agree (unsuitable); blue = projections agree (suitable); red = projections

disagree.

a) Base b) HadCM3 scenarios c) HadRM3 (UKCIP02)

scenarios

d) CGCM2 scenarios e) CSIRO2 scenarios f) PCM scenarios



Figure 5.8: Climate model and emissions uncertainty for L. bellargus combined into single maps for

the 2050s and 2080s.  The map for the 2050s is based on 10 scenarios (5 climate models x 2 emissions

scenarios) and the map for the 2080s is based on 15 scenarios (5 climate models x 3 emissions

scenarios).  Key: white = projections agree (unsuitable); blue = projections agree (suitable); red =

projections disagree.

a) Base b) 2050s scenarios c) 2080s scenarios

L. bellargus is a BAP species and changes in drought frequency have been identified as possible

contributors to the future decline of the species, unless they are able to adapt locally and/or there are

new potential habitats (Bourn and Warren, 1998).  This analysis of the climate change scenarios has

shown that there is a high degree of uncertainty about the availability of new potential suitable climate

space to the north of its current distribution, but there is high agreement that most of its current

distribution should remain suitable (Figure 5.8).

5.4.2.2 Geranium sylvaticum (Wood crane’s-bill)

Table 5.9 shows the aggregate changes in potential suitable climate space for each scenario across the

entire 5km grid for Britain and Ireland.  There are virtually no gains in potential suitable climate space

under any of the scenarios, but substantial losses are observed resulting in a dramatic reduction in the

overall amount of potential suitable climate space from 19% in the baseline simulation to between 1

and 10% under the future scenarios.  Losses in potential suitable climate space are greatest under the

most extreme emissions scenario (A1FI) for all climate models except CSIRO2, which corresponds to

the climate changes described in Tables 5.3 to 5.5.  Losses are also greatest under the CSIRO2 model

and least under the CGCM2 model for the A1FI and A2 emissions scenarios, but under the PCM

model for the B1 emissions scenario.  The range of projections across the different climate models is

relatively small compared with results for other species (e.g. losses of between 85 and 93% under the

A1FI emissions scenario for the 2080s), but differences between emissions scenarios for the same

climate model are larger (e.g. losses of between 54 and 89% under the PCM model for the 2080s).

These differences are illustrated spatially in Figures 5.9 and 5.10.  Differences between the HadRM3

ensemble scenarios representing uncertainty due to natural climate variability are very small, ranging

from losses of 87 to 88%.



Table 5.9: Summary statistics for changes in potential suitable climate space for G. sylvaticum for all

uncertainty scenarios: gain in potential suitable climate space, loss in potential suitable climate space,

overlap between current and future potential suitable climate space, and overall amount of potential

suitable climate space within Britain and Ireland.

Gain (%) Loss (%) Overlap (%) Overall (%)Scenario

2050 2080 2050 2080 2050 2080 2050 2080

PCM A1FI 0 0 76 89 24 11 4 2

PCM A2 - 0 - 84 - 16 - 3

PCM B1 0 0 46 54 54 46 10 9

CGCM2 A1FI 0 0 72 85 28 15 5 3

CGCM2 A2 - 0 - 80 - 20 - 4

CGCM2 B1 0 0 53 61 47 39 9 7

CSIRO2 A1FI 0 0 79 93 21 7 4 1

CSIRO2 A2 - 0 - 96 - 4 - 1

CSIRO2 B1 0 0 80 89 20 11 4 2

HadCM3 A1FI 0 0 77 86 23 14 4 3

HadCM3 A2 - 0 - 91 - 9 - 2

HadCM3 B1 1 1 61 66 39 34 8 7
a
HadRM3 A1FI 0 0 75 92 25 8 5 2

b
HadRM3 A2 - 0 - 88 - 12 - 2

c
HadRM3 B1 0 0 57 72 43 28 8 5

HadRM3 A2a - 0 - 88 - 12 - 2

HadRM3 A2b - 0 - 87 - 13 - 3

HadRM3 A2c - 0 - 88 - 12 - 2

a
  Same as the UKCIP02 high emissions scenario.

b
  Same as the UKCIP02 medium-high emissions scenario.

c
  Same as the UKCIP02 low emissions scenario.



Figure 5.9: Summary of climate model and emissions uncertainty for G. sylvaticum.  Each map is

based on SPECIES model output for five different climate models: HadRM3, HadCM3, CGCM2,

CSIRO2 and PCM.  Key: white = projections agree (unsuitable); blue = projections agree (suitable);

red = projections disagree.

a) Base b) A1FI 2050 scenarios c) B1 2050 scenarios

d) A1FI 2080 scenarios e) A2 2080 scenarios f) B1 2080 scenarios



Figure 5.10: Climate model and emissions uncertainty for G. sylvaticum combined into single maps

for the 2050s and 2080s.  The map for the 2050s is based on 10 scenarios (5 climate models x 2

emissions scenarios) and the map for the 2080s is based on 15 scenarios (5 climate models x 3

emissions scenarios).  Key: white = projections agree (unsuitable); blue = projections agree (suitable);

red = projections disagree.

Base 2050s scenarios 2080s scenarios

All climate models show a substantial reduction in the overall amount of potential suitable climate

space for G. sylvaticum with losses occurring throughout England, Wales, Ireland and southern

Scotland.  If these losses in potential suitable climate space were realised, then the distribution would

become centred on northern, western and central Scotland by the 2050s and 2080s (Figure 5.9).  The

area where the different climate models agree is particularly small under the A1FI and A2 scenarios

for the 2080s, but the area where they disagree is also relatively modest due to the small amount of

suitable future potential suitable climate space.  The area of disagreement between the climate models

tends to be slightly greater under the B1 emissions scenario as shown by the greater amount of red

shading.

The overall uncertainty between the different climate scenarios is summarised for the 2050s and

2080s in Figure 5.10.  Here, the blue shading where all the scenario projections agree tends to be

governed by the CSIRO2 model which shows the most extreme losses in potential suitable climate

space, whilst the extent of the red shading is closely related to the PCM B1 scenario which shows the

least loss in potential suitable climate space.

The uncertainty assessment shows that under the CSIRO2 model, G. sylvaticum could become

endangered, with potential suitable climate space being completely lost from every country apart from

Scotland.  In Northern Ireland, it is already the subject of a Species Action Plan and these scenarios

suggest it would be difficult to fulfil its objectives of increasing populations and range (Environment

and Heritage Service, 2005).

5.4.2.3  Betula pubescens (Downy birch)

Table 5.10 shows the aggregate changes in potential suitable climate space for each scenario across

the entire 5km grid for Britain and Ireland.  There are no gains in potential suitable climate space

under any of the scenarios because the baseline distribution covers 100% of the land area.  Three

scenarios show no change in potential suitable climate space in comparison to the baseline: the PCM

B1 scenario for the 2050s and 2080s and the PCM A1FI scenario for the 2050s.  All other scenarios

show some loss in potential suitable climate space and a related decrease in the overlap between



current and future potential suitable climate space and the overall amount of future potential suitable

climate space.

Table 5.10: Summary statistics for changes in potential suitable climate space for B. pubescens for all

uncertainty scenarios: gain in potential suitable climate space, loss in potential suitable climate space,

overlap between current and future potential suitable climate space, and overall amount of potential

suitable climate space within Britain and Ireland.

Gain (%) Loss (%) Overlap (%) Overall (%)Scenario

2050 2080 2050 2080 2050 2080 2050 2080

PCM A1FI 0 0 0 6 100 94 100 94

PCM A2 - 0 - 2 - 98 - 98

PCM B1 0 0 0 0 100 100 100 100

CGCM2 A1FI 0 0 9 49 91 51 91 51

CGCM2 A2 - 0 - 23 - 77 - 77

CGCM2 B1 0 0 1 3 99 97 99 97

CSIRO2 A1FI 0 0 3 38 97 62 97 62

CSIRO2 A2 - 0 - 43 - 57 - 57

CSIRO2 B1 0 0 4 14 96 86 96 86

HadCM3 A1FI 0 0 25 60 75 40 75 40

HadCM3 A2 - 0 - 44 - 56 - 56

HadCM3 B1 0 0 3 9 97 91 97 91
a
HadRM3 A1FI 0 0 12 59 88 41 88 41

b
HadRM3 A2 - 0 - 46 - 54 - 54

c
HadRM3 B1 0 0 1 7 99 93 99 93

HadRM3 A2a - 0 - 49 - 51 - 51

HadRM3 A2b - 0 - 42 - 58 - 58

HadRM3 A2c - 0 - 50 - 50 - 50

a
  Same as the UKCIP02 high emissions scenario.

b
  Same as the UKCIP02 medium-high emissions scenario.

c
  Same as the UKCIP02 low emissions scenario.



Figure 5.11: Summary of climate model and emissions uncertainty for 2050 for B. pubescens.  Each

map is based on SPECIES model output for two different emissions scenarios: A1FI and B1.  Key:

white = projections agree (unsuitable); blue = projections agree (suitable); red = projections disagree.

a) Base b) HadCM3 scenarios c) HadRM3 (UKCIP02)

scenarios

d) CGCM2 scenarios e) CSIRO2 scenarios f) PCM scenarios



Figure 5.12: Climate model and emissions uncertainty for B. pubescens combined into single maps for

the 2050s and 2080s.  The map for the 2050s is based on 10 scenarios (5 climate models x 2 emissions

scenarios) and the map for the 2080s is based on 15 scenarios (5 climate models x 3 emissions

scenarios).  Key: white = projections agree (unsuitable); blue = projections agree (suitable); red =

projections disagree.

a) Base b) 2050s scenarios c) 2080s scenarios

Losses range from 0 to 25% for the 2050s and from 0 to 60% for the 2080s.  The smallest losses occur

under the PCM climate model and the B1 emissions scenario, whilst the largest losses occur under the

HadCM3 and HadRM3 climate models and the A1FI emissions scenario. The HadRM3 ensemble

scenarios, representing natural climate variability for an A2 emissions scenario, show a small range of

losses in potential suitable climate space from 42 to 50%.  Differences between the climate models

and emissions scenarios are illustrated spatially in Figures 5.11 and 5.12.

Potential suitable climate space is lost from southern England and southern Wales under most climate

models and emissions scenarios by the 2050s (Figure 5.11).  The area where both the A1FI and B1

emissions scenarios agree (shown in white) is limited to the southern coastline of England and Wales

in the HadCM3, HadRM3, CGCM2 and CSIRO2 models.  The PCM model shows no areas where

climate space is lost under both emissions scenarios, as no potential suitable climate space is lost

under the B1 scenario and only 0.48% is lost under the A1FI scenario.  The red area in Figure 5.11

shows the extent of the A1FI scenario projection under the various climate models.  Losses are most

extreme under the HadCM3 model where they extend into northern England, southern Ireland and

throughout Wales.  The pattern of losses for the 2080s between the different climate models and

emissions scenario is similar to that shown for the 2050s in Figure 5.11.  However, losses are more

severe in the 2080s extending throughout most of northern England, Wales, the Republic of Ireland

and into scattered parts of Scotland and Northern Ireland (Figure 5.12).

Differences in projections between the uncertainty scenarios is greater than anticipated from previous

modelling results (MONARCH2; Berry et al., 2005), which had led to it being classified as a low

sensitivity species.  This is a consequence of B. pubescens being a moisture sensitive species and that

many of the scenarios project large decreases in summer precipitation (Table 5.4).  The potential

losses in England, Wales and Ireland could have important implications for woodland composition.



5.4.2.4  Calluna vulgaris (Heather)

Table 5.11 shows the aggregate changes in potential suitable climate space for each scenario across

the entire 5km grid for Britain and Ireland.  Gains in potential suitable climate space are small across

all the scenarios, ranging from 1 to 4% in the 2050s and from 1 to 5% in the 2080s, as it is widespread

in Britain and Ireland and is only simulated as absent from the highest parts of Scotland.  Losses in

potential suitable climate space are much greater ranging from 3 to 23% in the 2050s and from 4 to

50% in the 2080s.  Losses tend to be greater under the A1FI emissions scenarios, but this trend is not

consistent for all climate models.  The pattern of losses also differs considerably between the different

climate models as shown in Figure 5.13.  The PCM model shows the greatest losses, which is the

opposite of trends reported for other species.  However, most of these losses are centred on Ireland

where much of the country is simulated as becoming climatically unsuitable for C. vulgaris under the

A1FI emissions scenario in the 2080s.  Projections of precipitation change for the PCM model for

Ireland tend to suggest wetter summers, and, although C. vulgaris is not typically a wetland species

(Grime et al., 1988) and prefers well-drained sites (Gimingham, 1960), these changes seem relatively

small to be leading to a loss of suitable climate space.   The HadRM3 climate model (UKCIP02

scenarios) projects the next most extreme losses in potential suitable climate space, but these are

centred on southern and eastern England.  All the climate models show some loss of potential suitable

climate space around the coastline of Britain and Ireland and in the London area under the most

extreme emissions scenario.

Table 5.11: Summary statistics for changes in potential suitable climate space for C. vulgaris for all

uncertainty scenarios: gain in potential suitable climate space, loss in potential suitable climate space,

overlap between current and future potential suitable climate space, and overall amount of potential

suitable climate space within Britain and Ireland.

Gain (%) Loss (%) Overlap (%) Overall (%)Scenario

2050 2080 2050 2080 2050 2080 2050 2080

PCM A1FI 1 1 23 50 77 50 67 44

PCM A2 - 1 - 36 - 64 - 56

PCM B1 1 1 9 13 91 87 79 75

CGCM2 A1FI 3 3 6 14 94 86 83 76

CGCM2 A2 - 3 - 9 - 91 - 81

CGCM2 B1 1 1 7 9 93 91 81 79

CSIRO2 A1FI 3 3 5 11 95 89 85 80

CSIRO2 A2 - 4 - 12 - 88 - 79

CSIRO2 B1 4 5 4 6 96 94 85 84

HadCM3 A1FI 2 2 8 24 92 76 81 67

HadCM3 A2 - 2 - 13 - 87 - 76

HadCM3 B1 1 1 11 17 89 83 76 72
a
HadRM3 A1FI 3 4 5 35 95 65 80 56

b
HadRM3 A2 - 4 - 16 - 84 - 72

c
HadRM3 B1 2 3 3 4 97 96 81 81

HadRM3 A2a - 5 - 6 - 94 - 85

HadRM3 A2b - 4 - 8 - 92 - 82

HadRM3 A2c - 3 - 20 - 80 - 71

a
  Same as the UKCIP02 high emissions scenario.

b
  Same as the UKCIP02 medium-high emissions scenario.

c
  Same as the UKCIP02 low emissions scenario.



Figure 5.13: Summary of climate model and emissions uncertainty for 2080 for C. vulgaris.  Each

map is based on SPECIES model output for three different emissions scenarios: A1FI, A2 and B1.

Key: white = projections agree (unsuitable); blue = projections agree (suitable); red = projections

disagree.

a) Base b) HadCM3 scenarios c) HadRM3 (UKCIP02)

scenarios

d) CSIRO2 scenarios e) CGCM2 scenarios f) PCM scenarios



Figure 5.14: Summary of uncertainty due to natural climatic variability for 2080 for C. vulgaris.  Each

map is based on SPECIES model output for the three HadRM3 ensemble scenarios for the A2

emissions scenario.  Key: white = projections agree (unsuitable); blue = projections agree (suitable);

red = projections disagree.

a) Base b) HadRM3 ensemble scenarios

The HadRM3 ensemble scenarios, representing natural climate variability for an A2 emissions

scenario, show a small range of gains in potential suitable climate space from 3 to 5%, but a wider

range of losses from 6 to 20%.  The pattern of losses also differs to a greater extent than was found for

other species (Figure 5.14).  The A2c scenario shows the most extreme losses in potential suitable

climate space which include a large proportion of East Anglia and western Scotland (red areas in

Figure 5.14).  These areas remain suitable under the A2a and A2b scenarios.  All the ensemble

scenarios agree that losses in potential suitable climate space will occur around parts of the coastline

of southern England, Wales and western Ireland, and in the London area (white areas in Figure 5.14).

The uncertainty analysis shows that there is the potential for large losses in potential suitable climate

space for C. vulgaris, further emphasising the need to include a range of scenarios when exploring the

impacts of climate change on species.  The losses would have especial implications for the

composition of heathlands.

5.4.2.5  Epipactis palustris (Marsh helleborine)

Table 5.12 shows the aggregate changes in potential suitable climate space for each scenario across

the entire 5km grid for Britain and Ireland.  Gains in potential suitable climate space range from 6 to

20% in the 2050s and from 7 to 24% in the 2080s.  Gains tend to be greater than losses in the 2050s

under all climate models and emissions scenarios, except PCM, and in the 2080s under the B1 (low)

emissions scenario.  Alternatively, losses are greater than gains in the 2080s under the A1FI (high)

and A2 (medium-high) emissions scenario.  Losses in potential suitable climate space range from 4 to

18% in the 2050s and from 9 to 67% in the 2080s.  The A1FI emissions scenario results in the largest

losses compared to the other emissions scenarios.  Losses are also greatest under the HadRM3 and

HadCM3 climate models and least under the CGCM2 model.  The patterns of gains and losses in

potential suitable climate space differ between the different climate models and emissions scenarios as

shown in Figures 5.15 and 5.16.



Table 5.12: Summary statistics for changes in potential suitable climate space for E. palustris for all

uncertainty scenarios: gain in potential suitable climate space, loss in potential suitable climate space,

overlap between current and future potential suitable climate space, and overall amount of potential

suitable climate space within Britain and Ireland.

Gain (%) Loss (%) Overlap (%) Overall (%)Scenario

2050 2080 2050 2080 2050 2080 2050 2080

PCM A1FI 12 12 18 48 82 52 67 46

PCM A2 - 13 - 33 - 67 - 57

PCM B1 6 7 6 9 94 91 71 70

CGCM2 A1FI 19 21 9 29 91 71 79 66

CGCM2 A2 - 21 - 17 - 83 - 74

CGCM2 B1 13 16 6 9 94 91 77 76

CSIRO2 A1FI 20 21 8 24 92 76 80 69

CSIRO2 A2 - 21 - 30 - 70 - 65

CSIRO2 B1 20 21 7 13 93 87 80 77

HadCM3 A1FI 17 16 12 66 88 34 76 36

HadCM3 A2 - 17 - 30 - 70 - 62

HadCM3 B1 11 12 7 12 93 88 75 71
a
HadRM3 A1FI 22 24 13 67 87 33 74 38

b
HadRM3 A2 - 24 - 42 - 58 - 56

c
HadRM3 B1 17 21 4 9 96 91 76 76

HadRM3 A2a - 24 - 27 - 73 - 69

HadRM3 A2b - 23 - 24 - 76 - 71

HadRM3 A2c - 20 - 43 - 57 - 55

a
  Same as the UKCIP02 high emissions scenario.

b
  Same as the UKCIP02 medium-high emissions scenario.

c
  Same as the UKCIP02 low emissions scenario.

In the 2050s, potential suitable climate space is gained throughout northern England, Wales and

Scotland in all climate models.  The CSIRO2 model shows the greatest gains and the PCM model the

least.  Differences in gains between the emissions scenarios are fairly small as illustrated by the small

area of red shading in these regions.  Losses in potential suitable climate space occur in western

Ireland, western Wales and Cornwall in all climate models and emissions scenarios.  The pattern of

losses differs to a much greater extent than the gains between the climate models and emissions

scenarios.  Under the A1FI emissions scenario, losses are centred around East Anglia in the HadRM3

model, they are scattered throughout southern and eastern England in the HadCM3 model and in

Ireland in the PCM model (red shading in Figure 5.15).

In the 2080s, most of northern England and Scotland become climatically potentially suitable with the

greatest gains in climate space occurring under the CSIRO2 model and the A1FI or A2 emissions

scenarios.  Losses in potential suitable climate space are quite extreme under the HadRM3 and

HadCM3 models combined with the A1FI emissions scenario, where much of southern and eastern

England, southern Wales and most of Ireland become unsuitable.  The PCM model shows the most

extreme losses in Ireland and western UK under the A1FI scenario (red shading in Figure 5.16).

Projections from the CGCM2 and CSIRO2 models are similar with smaller losses occurring in

western and southern Ireland and western UK.



Figure 5.15: Summary of climate model and emissions uncertainty for 2050 for E. palustris.  Each

map is based on SPECIES model output for two different emissions scenarios: A1FI and B1.  Key:

white = projections agree (unsuitable); blue = projections agree (suitable); red = projections disagree.

a) Base b) HadCM3 scenarios c) HadRM3 (UKCIP02)

scenarios

d) CGCM2 scenarios e) CSIRO2 scenarios f) PCM scenarios



Figure 5.16: Summary of climate model and emissions uncertainty for 2080 for E. palustris.  Each

map is based on SPECIES model output for three different emissions scenarios: A1FI, A2 and B1.

Key: white = projections agree (unsuitable); blue = projections agree (suitable); red = projections

disagree.

a) Base b) HadCM3 scenarios c) HadRM3 (UKCIP02)

scenarios

d) CGCM2 scenarios e) CSIRO2 scenarios f) PCM scenarios

5.4.2.6 Lepus europaeus (European hare)

Table 5.13 shows the aggregate changes in potential suitable climate space for each scenario across

the entire 5km grid for Britain and Ireland.  There is a mixture of gains and losses in potential suitable

climate space depending on the climate model, emissions scenario and time slice.  Gains are greater

than losses for all scenarios except six (CSIRO2 A2 for 2080, CSIRO2 B1 for 2050 and 2080,

HadCM3 A1FI for 2050 and 2080, and HadCM3 A2 for 2080).  This is reflected in changes to the

overall amount of potential suitable climate space within Britain and Ireland, with coverage increasing

from 46% in the baseline simulation to between 51 and 94% for most scenarios, but decreasing to

between 14 and 44% for the six scenarios mentioned.  Gains in potential suitable climate space range

from 12 to 92% in the 2050s and from 9 to 104% in the 2080s.  Gains are greatest under the PCM

climate model and least under the CSIRO2 model.  Losses in potential suitable climate space range



from 0 to 57% in the 2050s and from 0 to 78% in the 2080s.  Losses are minor for the PCM and

CGCM2 models and greatest under the CSIRO2 model.  There are no consistent trends across the

emissions scenarios for each climate model.  The HadRM3 ensemble scenarios, representing natural

climate variability for an A2 emissions scenario, show a relatively small range of gains and losses in

potential suitable climate space from 50 to 62% and from 10 to 27%, respectively.

Table 5.13: Summary statistics for changes in potential suitable climate space for L. europaeus for all

uncertainty scenarios: gain in potential suitable climate space, loss in potential suitable climate space,

overlap between current and future potential suitable climate space, and overall amount of potential

suitable climate space within Britain and Ireland.

Gain (%) Loss (%) Overlap (%) Overall (%)Scenario

2050 2080 2050 2080 2050 2080 2050 2080

PCM A1FI 92 104 2 2 98 98 88 94

PCM A2 - 103 - 2 - 98 - 93

PCM B1 49 60 3 2 97 98 67 73

CGCM2 A1FI 52 65 3 12 97 88 69 71

CGCM2 A2 - 63 - 7 - 93 - 72

CGCM2 B1 74 81 0 0 100 100 81 84

CSIRO2 A1FI 34 44 23 30 77 70 51 53

CSIRO2 A2 - 9 - 78 - 22 - 14

CSIRO2 B1 12 12 57 70 43 30 25 19

HadCM3 A1FI 31 38 36 47 64 53 44 42

HadCM3 A2 - 17 - 64 - 36 - 25

HadCM3 B1 49 58 9 11 91 89 65 68
a
HadRM3 A1FI 51 53 9 20 91 80 66 61

b
HadRM3 A2 - 55 - 16 - 84 - 65

c
HadRM3 B1 34 47 5 7 95 93 60 65

HadRM3 A2a - 50 - 27 - 73 - 57

HadRM3 A2b - 62 - 10 - 90 - 71

HadRM3 A2c - 55 - 21 - 79 - 62

a
  Same as the UKCIP02 high emissions scenario.

b
  Same as the UKCIP02 medium-high emissions scenario.

c
  Same as the UKCIP02 low emissions scenario.

The patterns of gains and losses in potential suitable climate space differ between the different climate

models and emissions scenarios as shown in Figures 5.17 and 5.18.  The PCM model shows that most

of Britain and Ireland will have potential suitable climate space for L. europaeus under the A1FI and

A2 emissions scenarios (blue and red shading together), but much of southern Ireland and northern

Scotland remain unsuitable under the B1 emissions scenario (red shading).  The most extreme impact

can be seen for the CSIRO2 model where only very small scattered parts of Britain and Ireland remain

potentially suitable in the 2080s under all the emissions scenarios (blue shading).  This extreme result

is dominated by the A2 emissions scenario.  Under the A1FI scenario, the extent of the potential

suitable climate space is much greater encompassing much of England and larger parts of Scotland,

Wales and Ireland (blue and red shading together).  All the climate models, except CSIRO2, show

extension of potential suitable climate space in Ireland and Scotland, the extent of which is dependent

on the emissions scenario.  There are some gains in potential suitable climate space in England, but it

should be noted that these areas are incorrectly simulated as absences in the baseline model run when

compared with the observed distribution shown in Figure 5.6.  The HadCM3 and HadRM3 models

also project losses in potential suitable climate space in eastern East Anglia.

The overall uncertainty between the different climate scenarios is summarised for the 2050s and

2080s in Figure 5.18.  Here, the blue shading, where all the scenario projections agree, tends to be

governed by the CSIRO2 A2 scenario which projects the greatest losses in potential suitable climate



space, whilst the large extent of the red shading tends to result from the PCM A1FI scenario which

shows most of Britain and Ireland as potentially suitable for L. europaeus.

L. europaeus is a UK BAP species and the Species Action Plan includes the maintenance and

expansion of existing populations. The uncertainty analysis has shown that the existence of potential

suitable climate space in England and Wales is very dependent on the climate model and emission

scenario under consideration.

Figure 5.17: Summary of climate model and emissions uncertainty for 2080 for Lepus europaeus.

Each map is based on SPECIES model output for three different emissions scenarios: A1FI, A2 and

B1.  Key: white = projections agree (unsuitable); blue = projections agree (suitable); red = projections

disagree.

a) Base b) HadCM3 scenarios c) HadRM3 (UKCIP02)

scenarios

d) CGCM2 scenarios e) CSIRO2 scenarios f) PCM scenarios



Figure 5.18: Climate model and emissions uncertainty for Lepus europaeus combined into single

maps for the 2050s and 2080s.  The map for the 2050s is based on 10 scenarios (5 climate models x 2

emissions scenarios) and the map for the 2080s is based on 15 scenarios (5 climate models x 3

emissions scenarios).  Key: white = projections agree (unsuitable); blue = projections agree (suitable);

red = projections disagree.

a) Base b) 2050s scenarios c) 2080s scenarios

5.5 Discussion and conclusions

Scenarios of climate change are accompanied by uncertainties from three separate sources: future

emissions, imperfect understanding of climate science and modelling, and natural variability (Jenkins

and Lowe, 2003).  Each of these should be taken into account to enable conservation policy-makers

and practitioners to make more informed decisions based on MONARCH modelling outputs.

Twenty-eight climate change scenarios representing these three sources of uncertainty have been

applied to the potential suitable climate space models for six species.  The results show a wide range

of projections between different climate models and emissions scenarios, whilst uncertainties due to

natural climate variability tend to be less (Figure 5.19).  Uncertainties in the 2080s are generally

greater than in the 2050s as might be expected.  Model uncertainty tends to be greater than emissions

uncertainty for the gains in potential suitable climate space projected for L. bellargus, E. palustris and

L. europaeus.  However, there is little difference in the magnitude of uncertainty related to emissions

scenarios and climate models for the losses in potential suitable climate space projected for all

species, except L. europaeus.

The B1 (low) emissions scenario always projects the least severe impacts.  Differences between the

A1FI (high) and B1 emissions scenarios tend to be very large, whilst differences between the A1FI

and A2 emissions scenarios are often quite small and in some cases more severe projections were

found under the A2 scenario compared with the A1FI, particularly for the CSIRO2 model, where the

annual temperature increases are slightly greater under this scenario (Table 5.3).

The different climate models project similar patterns of losses and gains in potential suitable climate

space for L. bellargus, G. sylvaticum and B. pubescens, but the severity of the projections differs quite

significantly.  Alternatively, the patterns of losses in climate space for C. vulgaris and E. palustris are

very different with losses centred on southern and eastern England in the HadCM3 and HadRM3

models and in Ireland in the PCM model.  For most species, the PCM model combined with the B1

(low) emissions scenario projects the least severe losses or gains in potential suitable climate space,

whilst either the CSIRO2, HadCM3 or HadRM3 models combined with the A1FI emissions scenario



Figure 5.19: Relative magnitude of the three different sources of uncertainty from scenarios of climate

change.  Lower and upper limits of each bar represent the smallest and greatest projection for

range, respectively.  The central line on each bar represents the mean of the projection range.  climate

Betula pubescens: loss in climate space

0

10

20

30

40

50

60

Emissions

uncertainty

2050

Model

uncertainty

2050

Emissions

uncertainty

2080

Model

uncertainty

2080

Natural

variability

2080

Epipactis palustris: loss in climate space

0

10

20

30

40

50

60

70

Emissions

uncertainty

2050

Model

uncertainty

2050

Emissions

uncertainty

2080

Model

uncertainty

2080

Natural

variability

2080

Geranium sylvaticum: loss in climate space
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projects the most severe (Table 5.14).  This trend differs for some species and time slices due to the

different patterns of climate change projected by the different climate models.  For example, the PCM

model projects higher temperature changes in Scotland than elsewhere in Britain and Ireland, whilst

the HadCM3 and HadRM3 models project the greatest increases in temperature for England.  Hence,

if losses or gains for a specific species are predominantly projected for Scotland and Ireland, the PCM

model may not project the least severe impacts, e.g. see results for C. vulgaris or L. europaeus.

The UKCIP02 scenarios, which are based on the HadRM3 climate model, do not produce the most

severe impacts in most cases, although they are at the upper end of the range of projections.  They are

particularly severe in southern and eastern England, but other models produce greater impacts for

Scotland, Ireland and Wales under varying scenarios.  Results for the UKCIP02 scenarios are

consistent with those from the HadCM3 and CSIRO2 models in many cases, whilst impacts from the

CGCM2 model tend to be slightly less severe and those from the PCM model significantly less

severe.  The uncertainty assessment highlights the importance of quantifying the range of projections

from a variety of climate models and emissions scenarios to scope uncertainty and provide additional

information for planning adaptive responses.  This is underlined by the six species used in the

uncertainty analysis having been selected for their different sensitivities to climate change, as shown

by the UKCIP scenarios, and either expanding or contracting suitable climate space.  The results of

applying the various climate models and emissions scenarios shows the difficulties and challenges of

providing unequivocal guidance, except in the areas shaded blue on the above figures.

Table 5.14: Order of severity of projections from the five different climate models (from least to most

severe impacts) for two emissions scenarios for the 2080s.

L. bellargus (gain in climate space):

A1FI PCM CGCM2 HadCM3 HadRM3 CSIRO2

B1 PCM CGCM2 HadCM3 HadRM3 CSIRO2

G. sylvaticum (loss in climate space):

A1FI CGCM2 HadCM3 PCM HadRM3 CSIRO2

B1 PCM CGCM2 HadCM3 HadRM3 CSIRO2

B. pubescens (loss in climate space):

A1FI PCM CSIRO2 CGCM2 HadRM3 HadCM3

B1 PCM CGCM2 HadRM3 HadCM3 CSIRO2

C. vulgaris (loss in climate space):

A1FI CSIRO2 CGCM2 HadCM3 HadRM3 PCM

B1 HadRM3 CSIRO2 CGCM2 PCM HadCM3

E. palustris (loss in climate space):

A1FI CSIRO2 CGCM2 PCM HadCM3 HadRM3

B1 PCM CGCM2 HadRM3 HadCM3 CSIRO2

E. palustris (gain in climate space):

A1FI PCM HadCM3 CGCM2 CSIRO2 HadRM3

B1 PCM HadCM3 CGCM2 CSIRO2 HadRM3

L. europaeus (loss in climate space):

A1FI PCM CGCM2 HadRM3 CSIRO2 HadCM3

B1 CGCM2 PCM HadRM3 HadCM3 CSIRO2

L. europaeus (gain in climate space):

A1FI HadCM3 CSIRO2 HadRM3 CGCM2 PCM

B1 CSIRO2 HadRM3 HadCM3 PCM CGCM2

Improved techniques for handling modelling uncertainty in climate projections are currently under

development, including the use of so-called "physics ensembles" of climate models (Jenkins and

Lowe, 2003).  This complex and computer-intensive technique involves building large numbers of

global climate models, each having different, but plausible, representations (parameterisations) of the

climate system.  These global models are then used to make a simulation of climate over an historical

period, forced by observed changes in greenhouse gases and estimated changes in aerosols, and run on

to project changes to 2100 based on emissions from one of the SRES scenarios.  The projections of a



specific quantity from all the models can then be shown as a frequency distribution.  To derive a

probability distribution of change in a particular quantity, the result from each model is weighted

according to a broadly-based measure of model reliability.  This technique is already being tested at

the Hadley Centre and will be expanded to sample uncertainties in a much wider range of climate

processes and to include other global models, which have a different construction to the Hadley

Centre model.  This research will produce probability distributions which will evolve in their

comprehensiveness and credibility, and which can increasingly be used inform adaptation decisions

(Jenkins and Lowe, 2003). The initial results are assessing the extent to which the ensemble provides

a credible basis for the quantification of uncertainties in climate change, especially at a regional level

(Barnett et al., 2006; Collins et al, 2006). Climate change impact modelling possibly needs to move in

the direction of using ensembles too.  If so, this will mean multiple model runs, so that the automated

SPECIES model, with its reduced running time, should be well placed to contribute to such a

development. Such approaches will increasingly be able to be used to inform adaptation decisions

with greater confidence.

Extreme events may become more frequent with climate change and represent another form of

uncertainty. van Vliet and Leemans (2006) suggest that responses to observed weather events seem to

be most directly related to extreme events. Such events are likely to have a disproportionate impact on

biodiversity, but more reliable estimates of these changes are needed before they can be incorporated

into impact modelling. Recent work by Barnett et al. (2006) uses an ensemble of 53 general

circulation model simulations to address the uncertainty involved in such predictions and to provide

estimates of changes in daily and seasonal climatic parameters. Reliable estimates of future extreme

events would enable their effect on species and their distribution to be explored.

In order to make projections from global climate models useful for impacts assessments, they have to

be downscaled to a smaller scale.  This is a further source of uncertainty which has only been partially

addressed in MONARCH 3 by the inclusion of results from a regional climate model (HadRM3) in

addition to four global climate models.  Regional climate models (RCMs) are higher resolution

versions of atmospheric GCMs (typically 50km), with a comprehensive representation of physical

processes (Jenkins and Lowe, 2003).  Their projections show a great improvement over those from

GCMs in not only the spatial detail of climate change, but also the representation of extremes. They

take fuller account of the effects of terrain (for example, hills, coasts) and smaller scale weather

features - hurricanes and cyclones cannot be resolved in GCMs but they can in RCMs.  However,

further uncertainties will also be added, which have been recently analysed in the EC PRUDENCE

project (http://prudence.dmi.dk), as different RCMs will have different representations of climate

processes.

An alternative technique to downscaled GCM output is to use statistical downscaling.  The projections

from the four GCMs employed in the MONARCH 3 uncertainty assessment were downscaled in a

simplistic manner, as described earlier, to enable multiple scenarios to be utilised.  More sophisticated

statistical downscaling techniques have been explored in which relationships are established between

large scale quantities (generally in the free atmosphere, for example, geopotential height) and local

observed quantities (for example, temperature or precipitation at an observing station) (Jenkins and

Lowe, 2003).  On the basis that global climate models capture changes in large scale flow better than

local detail, these empirical relationships are then applied to the large scale quantities projected by a

climate model for a future period, to generate local changes.  Statistical downscaling methods are

based on the assumption that relationships developed from past data will be applicable in the future,

and the validity of this assumption is questionable.  Further, the statistical relationships formed are in

the recent climate, based on associating patterns of higher frequency variability, which clearly will not

be sampling the very low frequencies implied by long term trends such as climate change (Jenkins

and Lowe, 2003).

In addition to uncertainty from climate projections, two further sources of uncertainty are also

important: (i) uncertainty in non-climate inputs to the SPECIES models (i.e. species’ distributions,

soils); and (ii) uncertainty resulting from the SPECIES models themselves.  The availability and



accuracy of data on observed species’ distributions for Europe, and Britain and Ireland, varies

considerably between species and locations.  In particular, the assumption that observed species

absences are true absences and not a result of insufficient sampling is a known problem with data

accuracy (Griffiths et al., 1999; Araújo et al., 2005a).  The issue of recorder effort is discussed in

Chapter 4. Base errors arising from data limitations are therefore unavoidable, and their effects on

model performance need further exploration (del Barrio et al., 2006).  However, the level of success

that has been achieved in modelling species’ distributions has demonstrated that biogeographical

trends can be identified regardless of the imperfect data that is so often all that is available in

ecological studies (Pearson et al., 2004).

Many previous studies on the effects of climate change on species’ distributions have utilised species-

climate envelope modelling approaches (Huntley et al., 1995; Sykes et al., 1996; Guisan and

Zimmermann, 2000; Thuiller, 2003; Thomas et al., 2004), such as those used in MONARCH.

Different species-climate envelope modelling techniques have been compared and evaluated in

several studies (Harrison et al., 2006).  Araújo et al. (2005b) report the first independent validation of

the four most widely used envelope modelling techniques under climate change (Generalized Linear

Models (GLM), Generalized Additive Models (GAM), Classification and Regression Tree analysis

(CART) and Artificial Neural Networks (ANN)) using observed distribution shifts among 116 British

breeding-bird species over the past ~20 years.  Thuiller (2003) incorporated the same four modelling

techniques in a new computation framework (BIOMOD: BIOdiversity MODelling) for comparing

their predictive performance when applied to 61 tree species in Europe.  Segurado and Araújo (2004)

compared seven modelling techniques for 44 species of amphibians and reptiles in Portugal.  All three

studies found that no method was superior in all circumstances, but ANNs, such as the SPECIES

model, provided generally more accurate projections of species range shifts followed by GAMs, then

GLMs and CART.  This suggests that modelling techniques capable of summarising complex non-

linear relationships are more likely to provide useful projections of species responses to climate

change (Araújo et al., 2005b).
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6.1 Summary

MONARCH 3 aimed to apply the methodology developed as a consequence of the previous

phases of the project to a selection of UK and Ireland BAP species, in order to assess the

potential impact of climate change. The methodology involves the application of the

SPECIES bioclimate envelope model, and this was automated in order to speed up the

processing of species. It was also refined to include ensemble forecasting to help decrease the

inherent internal model uncertainty and Ecological Niche Factorisation Analysis (ENFA) was

added as means of including species for which limited observed distribution data was

available. The model was validated through the application of hindcasting. The application of

the model to the BAP species indicated those species which might gain or lose potential

suitable climate space. It also led to issues of data availability and reliability, and so the

model was re-run for a selection of better recorded species at a coarser resolution.

The final objective was to assess and, where possible, quantify the climatic uncertainty

involved in the modelling process. This showed that scenarios constructed from different

climate models and emissions scenarios resulted in significantly different impacts on potential

climate space both in terms of the magnitude and pattern of change.  Uncertainty derived

from climate models was generally slightly greater than emissions uncertainty, while

uncertainty from natural climate variability was much lower. Thus, where possible, a range of

climate models and emissions scenarios should be used in impact assessments.

6.2 Achievement of MONARCH 3 objectives

6.2.1 Automation and refinement of the SPECIES modelling process

The SPECIES model has been successfully automated, with the run times significantly

reduced. It has been constructed within a friendly, graphical user-interface, such that it can

readily be used by other modellers. Two major methodological changes have also taken place,

to take account more recent developments in bioclimate envelope modelling. Firstly, rather

than a projection being the outcome of a single model run an ensemble forecast is used. This

is obtained by aggregating multiple model run outputs. This has the advantage of reducing

model error and lead to less spatial variability of simulated potential suitable climate space

between model runs. Secondly, an additional procedure has been incorporated for modelling

“presence-only” datasets, such as are quite common when dealing with less well-known or

well-recorded species or taxa, including many BAP species. The procedure uses Ecological

Niche Factorization Analysis (ENFA), which utilises presence only data to generate a habitat

suitability surface. Areas with low ENFA suitability are then randomly selected and treated as

pseudo-absences points to train the SEPCIES model.

Assumptions

• The bioclimate input variables are those that best capture the relationship of the

species with climate.

• AUC/kappa are the best way of selecting the thresholds for producing maximum

agreement between observed and simulated distributions.

• The 10% lower cutoff used in constructing the pseudo-absence pool obtained from

the ENFA analysis is best.

• Fixing k equal to 10 in the aggregate k-fold cross validation is best (see below).



Limitations

• Only one model, SPECIES, based on an Artificial Neural Network (ANN) is used,

but it does have a number of distinct advantages over more conventional statistical

techniques, like generalised linear and additive models.

• The use an ensemble approach means the ANN has to be retrained from scratch k

separate times, which means it takes k times as much computational effort compared

to the holdout method to derive model projections.

• There is no a priori “best” value for k in constructing the ensemble forecasts, hence

the above assumption.

6.2.2 Application of the MONARCH methodology to BAP species

The results of MONARCH 1 and 2 (Harrison et al., 2001; Berry et al., 2005) led to the return

to the modelling at the national scale and the 5km resolution, with the application of land

cover masks as a surrogate for habitat availability. This methodology and the refined

SPECIES model were applied to a selection of UK and Ireland BAP Priority species.

This showed that there are still issues of data availability and reliability, especially when

dealing with rarer BAP species which may be less well recorded at both the international and

the national level. The limitations of the data availability (Chapter 3), which has been an issue

throughout MONARCH and other similar modelling work, has shown the need for co-

ordinated recording of species, within Europe and at the national level with a very high level

of taxonomic expertise. There is also a need for a more systematic recording effort.

Suggestions for ways of achieving this for British insects have been proposed (Dennis et al.,

1999), many of which are applicable to other taxa (Chapter 4). The reliability of the absence

of a record, which may rather be a function of lack of recording, may mean that ENFA should

be the preferred modelling methodology, but it has its own limitations (Chapter 2).

The use of the 5km resolution raised two issues. Firstly, the difference between the model

training resolution at the 50km and the projections of potential future climate space at the

5km resolution. Secondly, the level of apparent detail in potentially suitable/unsuitable areas

for a species was felt by some taxonomic specialists to be misleading. These two, and the

above data issues, led to the conclusion that the most appropriate resolution for the

application and display of the model outputs was 50km.

The application of the land cover masks can provide a means of assessing potential habitat

availability, but they did not refine the potential suitable climate space outputs for many

species due to their being associated with either a number of land cover types and/or

widespread ones.

Assumptions
• The current European distribution used for model training is in equilibrium with the

climate and that this relationship occurs in the future.

• Climate is the dominant factor affecting species’ distributions.

• Presence/absence or presence only data is an accurate record of the actual distribution

of the species for the geographical area in question. Absences may be false, due to a

lack of recording.

• The relationship of the species with climate is the same at the 50 km training

resolution and the 5km projection resolution.

• The land cover(s) used are an adequate substitute for a species’ habitat type(s).

• Habitat association of species is correct.



Limitations

• SPECIES only explicitly models potential suitable climate space of species, it does

not include habitat availability (an indication of this can be got my masking out

unsuitable land cover types), biotic interactions or other factors that may affect a

species’ distribution, especially at a more local scale.

• The modelling does not indicate the ability of species to disperse into their potential

suitable climate space.

• There are no future land cover scenarios.

• The land cover masks do not indicate the amount or configuration of the land cover(s)

within the grid square.

• Only individual species are modelled, with no analysis of how habitats and

communities will respond to climate change.

6.2.3 Model validation through hindcasting

The validation of the SPECIES model by testing against real-world historical data for 12

species from three taxa showed that the model generally performs well and that apparent

mismatches could possibly be explained by the limitations of the data and of the model itself.

The hindcasting has confirmed that SPECIES is an appropriate model for projecting the

potential suitable climate space of species in the past and thus can be used for future

projections, providing it is recognised that there is no way that we can validate them, as we

have no test data (Araújo et al., 2005).

Assumptions

• The use of average current wind speed data for all pre 1969 historical climate

datasets did not unduly affect the calculation of potential evapotranspiration (PET).

• The historical species data were sufficiently reliable for model validation.

• The historical climate and species’ distribution were in equilibrium.

• Climate is the factor driving the changes in the species’ distribution.

Limitations

• The lack of good quality historical species distribution data for model validation.

• The difference between the observed distribution representing the species’ “realised”

niche and the model’s simulation of the “fundamental” niche.

• Discrepancies between observed distributions and simulated potential suitable climate

do not necessarily indicate poor model performance.

6.2.4 Assessment of uncertainty

The uncertainty assessment focussed on uncertainties arising from projections of future

climate, namely (a) greenhouse gas emissions, (b) climate model based uncertainty, and (c)

natural variability, and covered two time slices (2050s and 2080s) and six representative

species.  Most UK impact assessment studies are based on the UKCIP02 climate change

scenarios.  While these scenarios capture a range of emissions uncertainties, they are only

based on a single climate model, the Hadley Centre Regional Climate Model (HadRM3).  The

application of the SPECIES model to projections from other global climate models, in

addition to the UKCIP02 scenarios, enabled a more rigorous assessment of uncertainty and

allowed the UKCIP02 results to be compared with a wider source of scenarios; many of

which are used widely in international research programmes (HadCM3, CSIRO2, CGCM2

and PCM).  The UKCIP02 scenarios generally produced the most severe impacts for southern

and eastern England, but other climate models produced greater impacts for Scotland, Ireland

and Wales under various scenarios.  Responses to the different climate models were also

species dependent, in that results for some species only differed in the severity of the response

(expansion or contraction), whereas others differed in both the severity and pattern of



response.  This was particularly noticeable for C. vulgaris and E. palustris in Ireland under

the PCM model compared to other scenarios.

Model-based uncertainty was greater than emissions uncertainty for those species predicted to

gain potential climate space, but both sources of uncertainty showed a similar level of severity

in all other circumstances.  Uncertainties due to natural climate variability were significantly

smaller indicating that the magnitude of impacts which is attributable to human-induced

climate change is well outside the range that can be attributed to natural climate variability.

For most species, the PCM model combined with the B1 (low) emissions scenario projected

the least severe losses or gains in potential suitable climate space, whilst either the CSIRO2,

HadCM3 or HadRM3 models combined with the A1FI emissions scenario projected the most

severe impacts.

Assumptions

• Global climate models with detailed representation of the atmosphere, ocean and land

surface are the best tools for projecting climate change in the future

• Projections of climate change from different models are considered to be equally

probable.

• The simple procedure used for downscaling the GCM and RCM data to the 5km

resolution assumes that the spatial pattern of current (i.e. 1961-90) climate remains

the same into the future.

• There are numerous assumptions which underpin the SRES emissions scenarios and

specific climate models (parameterisation, feedbacks, etc.) which can be reviewed in

Nakicenovic and Swart (2000) and IPCC (2001).

Limitations

• The assessment of uncertainties due to natural climate variability was only based on

the HadRM3 model as this was the only available source of ensemble simulations.

• There are numerous other climate models and emissions scenarios to those considered

in this study which may produce a wider range of predictions.

• This study focussed on climate-based uncertainty, whereas there are many other

sources of uncertainty, such as the non-climate inputs to the SPECIES models (i.e.

species’ distributions, soils, land cover) and uncertainty resulting from the SPECIES

models themselves.

6.3 Conclusions

MONARCH 3 has explored the complex nature of the interactions between species, climate

change and land cover (as a surrogate for habitat), through the application of the SPECIES

model, which has been the foundation of the whole MONARCH project. The refinement of

SPECIES to include ensemble forecasting and the ability to use presence only data means that

it is now at the forefront of bioclimate envelope modelling. In MONARCH 3 it has been

successfully validated, which increases confidence in its projective ability and in past outputs

of previous phases of MONARCH, when applied at an appropriate scale. MONARCH 3

moved away from the finer resolution of MONARCH 2 and ultimately produced output at the

50km resolution to match that of the training data. This also overcomes some of the concerns

about the quality of species distribution data, especially for the BAP species used in

MONARCH 3, which may be rarer than many of those used previously.

The limitations of data reliability and availability at all scales continued to be an issue, and, as

data is fundamental to all research, attention should be given to ensuring that future collection

efforts are soundly based and systematically organised. In MONARCH 3, the absence of

European distribution data for all countries has been partially overcome by the addition of

ENFA, which enabled more BAP species to be modelled, but its application needs further



testing. Consideration is also needed as to whether ENFA should be applied for all species,

given the question about the reliability of presence/absence data.

As in previous phases of MONARCH, there are some BAP species for which climate change

will represent a challenge and action will need to be taken to conserve them, while for others

climate change is apparently not a threat and others factors may be more important in their

conservation. The modelling also showed that the climate change projected under the 2080s

High scenario represents a possible tipping point, with many species showing greater gains or

losses of potential suitable climate space.

Aspects of uncertainty in the modelling work have started to be addressed in MONARCH 3.

The use of ensembles forecasting has captured one aspect of the modelling uncertainty and

this should improve model performance. The exploration of the climatic uncertainty,

identified as an area for further research in MONARCH 2, has shown a wide range of

projections between different climate models and emissions scenarios, whilst uncertainties

due to natural climate variability tend to be less. This is an important conclusion which needs

to be positively incorporated into conservation policy and management, rather than fostering

inaction due to the level of uncertainty. It also needs consideration given the new UKCIP

scenarios in 2008 will be presented as probability distributions.

MONARCH 3 has advanced the science and understanding of the potential impacts of climate

change on biodiversity. The developments of the SPECIES model mean that it is now at the

forefront of bioclimate envelope models. MONARCH 3 has continued to investigate the

limits of bioclimatic envelope modelling and has explored the limitations posed by data

availability and reliability.  It has identified those species that may need to respond to

considerable changes in the location of their potential suitable climate space and thus

highlights that nature conservation should take broad actions to increase the resilience of

habitats and the ability of species to move across landscapes.
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