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ABSTRACT: Heathland habitats in Ireland occur primarily in an oceanic setting 

which is strongly influenced by changes in the climate. Because of the oceanic 

environment, Ireland has a high proportion of the northern Atlantic wet heaths and 

alpine and boreal heaths of high conservation value within Europe. Future climate 

change is widely expected to place additional pressure on these systems. Seven 

bioclimatic envelope modelling techniques implemented in the BIOMOD modelling 

framework were used to model wet heath and alpine and boreal heath distributions in 

Ireland. The 1961–1990 baseline models closely matched the observed distribution 

and emphasise the strong dependency on climate. Mean winter precipitation, mean 

winter temperature and elevation were found to be important model components. The 

fitted model’s discrimination ability was assessed using the area under the curve; a 

receiver operating characteristic plot; the true skill statistic; and Cohen’s kappa. A 

BIOMOD ensemble prediction from all the models was used to project changes based 

on a climate change scenario for 2031–2060 dynamically downscaled from the 

Hadley Centre HadCM3-Q16 global climate model. The climate change projections 

for the individual models change markedly from the consistent baseline predictions. 

Although the consensus models project gains in climate space for both habitats in 

other parts of the country, new habitat formation in these areas is unlikely, as current 

(and hence near-future) land use and other conditions are not likely to favour 

expansion. 
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1.  INTRODUCTION 

1.1.  Conservation importance of maritime uplands 

Mountainous regions contain a high proportion of the world’s biodiversity 

(Orme et al. 2005), including a range of species with unique adaptations and high 

extinction risk (Ricketts et al. 2005). Future climate change is widely thought to have 

the potential to exacerbate both the pace and the amplitude of these extinctions 

(Bellard et al. 2014). It is anticipated that an amplification of the elevation-dependent 

warming already detected will accelerate the rate of change in mountain ecosystems 

(Pepin et al. 2015). However, projections from different climate models vary 

markedly, and local processes for upland regions are poorly captured (Coll 2010, Coll 

et al. 2010); hence, more localised modelling studies are required to inform 

management decisions. The oceanic upland habitats of Ireland and Scotland and their 

associated oceanic species and vegetation are of high conservation value but are also 

considered vulnerable to climate change (Coll et al. 2010, 2014a, Hodd & Sheehy 

Skeffington 2011a). Heathlands are typically communities that flourish in oceanic 

climates both at altitudes above the tree line and at sea level (Crawford 2008). A fuller 

account of species assemblages for Irish montane heaths is provided in Hodd & 

Sheehy Skeffington (2011a), and a review of drivers of change for heaths in Fagúndez 

(2013). Heath communities have a restricted global distribution and support many 

species of limited distribution in Europe; consequently, Ireland has a special 

responsibility under the European Union (EU) Habitats Directive (Council Directive 

92/43/EEC) to conserve them (Holden et al. 2007). This study focuses on 2 habitats 

listed in Annex I of the EU Habitats Directive, the 4010 northern Atlantic wet heaths 

and 4060 alpine and boreal heaths, as defined in the Habitats Interpretation Manual 

(EU 2013). 

1.2.  Bioclimatic envelope modelling 

Various modelling approaches have been used to convert species distributions 

into predictive maps, and bioclimatic envelope models (BEMs) — which can be 

considered as a variant of niche-based or species distribution models (Guisan & 

Thuiller 2005, Heikkinen et al. 2006) — are widely used. However, confidence in the 

predictive power of BEMs is compromised by conceptual, biotic and algorithm flaws. 

These include unrealistic model assumptions (Schroder & Seppelt 2006, Dormann 

2007), uncertainty regarding variable selection (Austin & Van Niel 2011), and lack of 

agreement over the classification of basic concepts (Segurado & Araújo 2004, Araújo 

& Guisan 2006, Austin 2007). Hence, there is ongoing debate concerning the 

strengths and limitations of the models and potential areas for their improvement 

(Araújo & Peterson 2012). 

Arising from this debate, the use of consensus methods is popular on the basis 

that they decrease the predictive uncertainty of single models by combining their 

predictions (Marmion et al. 2009b, Grenouillet et al. 2011) and provide the advantage 

of combining forecasts to give a probability distribution per pixel as opposed to a 

single value (Thuiller 2014). Therefore, the ensemble prediction provided by the 

BIOMOD modelling framework (Thuiller 2003, Thuiller et al. 2009) is particularly 

useful in reducing the uncertainty associated with individual model types. 
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The use of BEMs for habitats is novel, and only a limited number of studies 

have applied these methods to landforms and habitats (e.g. Fronzek et al. 2006, 

Parviainen & Luoto 2007). However, based on work undertaken for UK (Clark et al. 

2010) and Irish peatlands (Coll et al. 2011, 2013, 2016), climate is known to exert a 

strong control on these upland ecosystems and underpins the decision to apply BEMs 

to the heath habitats here. 

1.3.  4010 northern Atlantic wet heaths 

Northern Atlantic wet heaths in Ireland result from several thousands of years 

of a wet, oceanic climate that has resulted in the formation of shallow peat, even on 

montane slopes, often in a complex mosaic with blanket bog and dry heath. Historical 

grazing by stock in varying intensities and/or burning regimes are also contributing 

factors to plant community variation. The vegetation is typically dominated, to 

varying degrees, by a mix of Calluna heath, Racomitrium moss heath, grassland and 

blanket bog. Stands of wet heath occur on acidic, nutrient-poor substrates where 

rainfall maintains them in a permanently wet condition but where factors such as 

slope prevent deep peats from forming. Therefore, at all altitudes in a maritime 

setting, heath development is the result of interactions between a cool, wet, Atlantic 

climate and drainage extent. 

The European distribution of wet heath is restricted to the areas of oceanic and 

on the periphery of the eastern North Atlantic region below the alpine zone. In Ireland 

and the UK, wet heath is usually found in the wetter climates of the north and west 

(Hampton 2008) and in eastern areas is restricted to uplands associated with higher 

rainfall. Here, the oceanic climate also results in a lower tree line than in more 

continental uplands (Crawford 2005). Habitat 4010 wet heath has been defined in an 

Irish context as a highly variable habitat, usually dominated by the graminoid Molinia 

caerulea or sedge (Cyperaceae) species, with a sparse cover of dwarf shrubs (Perrin 

et al. 2014). Intermediate in many regards between dry heath and blanket bog, the 

habitat generally occurs on gently sloping ground on shallow or intermediate (<1 m) 

peat depths (Perrin et al. 2014). The habitat is widespread in the west but is absent 

from large parts of the northern Midlands, as conditions are not suitable for wet heath 

(Fig 1a). 

The dominant and characteristic plant species of wet heath are not considered 

sensitive to climate change (Berry et al. 2005) and may even benefit from the 

predicted milder, wetter winters and drier summers (Berry et al. 2002). However, 

many European heathland areas face an uncertain future due to a wide range of other 

pressures and drivers (Fagúndez 2013). The response to climate change will be 

determined by how shifts in precipitation, air temperature, humidity and wind speed 

affect seasonal and inter-annual soil moisture balances. Higher temperatures are 

expected to result in increased biomass production in heath communities providing 

that soil moisture changes do not lead to an increased drying of soils (Peñuelas et al. 

2004). 

Changes in relation to climate change are uncertain, but amid various 

contradictory interpretations, there are indications that wet heath will not be adversely 

affected and that an increase in annual rainfall totals may encourage the development 

of wet heath at the expense of dry heath (Hampton 2008). Warmer summers and 

wetter winters could also indirectly affect upland heaths through their impact on peat 

soils and the potential release of carbon locked up in these soils (Kirschbaum 2000). 
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Winter re-wetting may potentially exacerbate erosion and lead to a decline in the 

quality and extent of the habitat. 

1.4.  4060 alpine and boreal heaths 

Alpine and boreal heath habitats are found in mountain areas across Europe 

and, in continental mountain ranges, are usually located between the tree line and the 

grassland communities. Associated with shallow mineral soils, the heaths are also 

found on areas of loose rock and coarse sediment on mountaintops and ridges (Zaghi 

2008). Alpine heaths develop above the natural altitudinal tree line, whereas boreal 

heaths develop below the tree line in gaps among scrubby high-altitude woodland, 

although this distinction is not clear in oceanic areas (Hodd & Sheehy Skeffington 

2011a). 

The habitat in Ireland is one where vegetation cover is rarely complete but 

normally exceeds 50% (Fossitt 2000). Alpine and boreal heath in good condition is 

typically dominated by a range of low-growing, wind-clipped dwarf shrubs, but in 

oceanic areas, dwarf shrub cover is often low, with the moss Racomitrium 

lanuginosum becoming dominant (Hodd & Sheehy Skeffington 2011a, Perrin et al. 

2014). Irish alpine and boreal heath is confined largely to the mountain areas, with a 

limited distribution in Northern Ireland (Fig. 1b). Alpine and boreal heath has been 

highlighted as sensitive to a changing climate (Zaghi 2008), and climate change is 

projected to adversely affect arctic–montane plants in Ireland generally (Coll et al. 

2013, Hodd et al. 2014). 

Re-survey data in the Scottish Highlands show that a loss of specialised 

species has already taken place in some dwarf shrub heaths, grasslands and alpine 

heaths (Ross et al. 2012, Ross 2015). Model-based results from Scotland also indicate 

major shifts in seasonal isotherms associated with upland zones (Coll 2007, Coll et al. 

2010). However, while some tree encroachment into the sub-alpine zone is possible, 

this is unlikely to occur since tree lines in Ireland are significantly affected by wind 

(Hodd & Sheehy Skeffington 2011a). Thus, the interaction between local topography 

and possible wind field changes is likely to remain a more significant local control for 

Ireland, while future management regimes, particularly grazing levels, will also be 

important. 

Although suitable climatic conditions are likely to persist for some heath types 

in Ireland, details of the effects of a changing climate on distributions are currently 

unclear. Any climatic change will be exacerbated on the mountain summits and on 

habitats currently at the edge of their natural range (Coll et al. 2010). It is likely that 

more sensitive species will be more vulnerable (Coll et al. 2013) and that the small 

area and low altitude of Ireland’s mountains reduce species’ options to track areas of 

suitable climate (Hodd et al. 2014). 

The primary aim of this study was to model the impacts of climate change for 

wet heath and alpine and boreal heath Annex I habitats for the island of Ireland using 

climate and elevation variables as predictors in a BEM framework. In addition, a 

consensus model based on the averaged spatial probabilities for the model categories 

selected was used to project changes in future climate space for both habitat types. 

Insofar as we are aware, this is the first application of a BEM ensemble modelling 

framework to heathland habitat data, and the approach with some refinements could 

be used to inform future management. 
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2.  MATERIALS AND METHODS 

2.1.  Study area 

The study area is the whole island of Ireland and covers ca. 84421 km
2
 on the 

Atlantic margin of northwestern Europe, between the latitudes of ca. 51° 00′ and 56° 

00′ N (Fig. 1a). Altitudes range up to 1040 m a.s.l. (Corrán Tuathail, County Kerry). 

Much of the island is lowland, with mountain areas mainly being near the coast and 

with a characteristic temperate oceanic climate. Mean annual temperature (averaged 

over 1961–1990) is highest on the southwestern coast (10.4°C) and lowest inland 

(8.8°C). On average, annual precipitation ranges from 750 to 1000 mm yr 
–1

 in the 

drier eastern half of the country and is over 3000 mm yr
–1

 in parts of the western 

mountains (Rohan 1986). 

2.2.  Data 

Distribution data for the habitats was provided by the Irish National Parks and 

Wildlife Service (NPWS). The data are based on a combination of habitat and species 

distribution maps on a 10 × 10 km grid supported by NPWS surveys (NPWS 2008). 

These data were complemented by data for Northern Ireland Annex I reporting from 

the Joint Nature Conservancy Council database (JNCC 2007) (see Fig. 1a,b). 

A quality-controlled set of 1961–1990 baseline climate data was used to test 

and construct the BEMs for the baseline period. These 10 × 10 km resolution data are 

derived from observed monthly climate data for 560 precipitation stations and 70 

temperature stations interpolated using a polynomial regression method with an 

inbuilt adjustment for elevation (Sweeney & Fealy 2003). 

Met Éireann (the Irish Meteorological Service) supplied HadCM3-Q16 global 

climate model (GCM) data dynamically downscaled to a 14 × 14 km grid resolution 

via the regional atmospheric model RCA3 (McGrath & Lynch 2008). The bioclimatic 

envelope modelling here is based on data for an A1B scenario from the above GCM 

and regional climate model (RCM) combination. The A1B scenario projects a rise in 

annual temperature of 1.3 to 1.8°C, a decrease in summer precipitation by 5 to 10% 

and an increase in autumn and winter precipitation by 5 to 10% by 2021–2060 relative 

to the 1961–1990 baseline (McGrath & Lynch 2008). The projected warming is 

greatest in the south and east of the country, whereas there is no clear regional trend 

for precipitation (McGrath & Lynch 2008). The HadCM3-Q16 simulation of winter 

rainfall is in the intermediate to low range among the ENSEMBLES RCMs (Jacob et 

al. 2008). 

RCA3 simulated climate data for 1961–1990 and 2031–2060 were converted 

to daily and monthly mean values for temperature and precipitation variables, and R-

based routines (R Development Core Team 2014) were used to re-interpolate these 

data to the 10 × 10 km modelling grid. The climate change signal derived with respect 

to the RCA3 simulated 1961–1990 baseline for each 10 × 10 km grid cell was then 

applied to the observed data for the variables of interest. 

2.3.  Derivation of explanatory variables 

Both the baseline climate data and the climate change signal data were 

converted to monthly and seasonal values for use in the BEMs. In addition to 8 

climate variables, 4 variables for topography were also included (Table 1).  The data 
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ranges for the baseline climate variables are also provided alongside those for the 

A1B climate change scenario data used (Table S1 in the Supplement, available at 

www.int-res.com/articles/suppl/c069p177_supp.pdf). The range of candidate 

explanatory variables evaluated also overlap to some extent with those reported 

elsewhere (e.g. Marmion et al. 2009a, Engler et al. 2011, Coll et al. 2014). 

Mean elevation for each 10 × 10 km grid cell (ArcGIS 10.2 software) was 

derived from a digital elevation model (GTOPO30) with a horizontal grid spacing of 

30 arc s (~1 km), and the range was calculated as highest minus lowest elevation in 

the focal cell. The data were then referenced to the climatic datasets. 

2.4.  Modelling framework 

We implemented a selection of 7 from the 9 available modelling approaches in 

BIOMOD in this study. The techniques included a mixture of regression methods: 

generalised linear models (GLMs) and generalised additive models (GAMs); the 

machine-learning methods artificial neural network (ANN), random forest (RF) and 

generalised boosting method (GBM); and 2 classification methods, classification tree 

analysis (CTA) and flexible discriminant analysis (FDA). 

A further objective in the model building process was to screen out 

collinearity in the covariates selected for the baseline models. This recognises that 

multiple regression-based approaches can be hampered by multicollinearity among 

predictors (Heikkinen et al. 2006, Dormann et al. 2013). BIOMOD can usefully 

specify non-linear terms for GLM in particular, thereby opening up many more 

candidate covariate possibilities. However, there is no screen for collinearity among 

predictors in BIOMOD per se. Therefore, a combination of correlation matrices and 

principal components analysis (PCA) was used to screen the available covariates 

beforehand, and any collinear terms were excluded from the final covariates used. 

There was also a posteriori knowledge of where collinearity in the covariates was 

likely based on previous work (Coll et al. 2011, 2013, 2014). 

For all 7 wet heath models, the variables used were annual temperature range, 

mean winter precipitation, mean winter temperature, elevation range and mean 

elevation. For the 7 alpine and boreal heath models, the same covariates were used, 

except maximum elevation replaced mean elevation. Once the variables are selected, 

the individual models in BIOMOD use internal measurements, based on either 

stepwise regression or classification error rates; the Akaike’s information criterion 

(AIC) statistic is also evaluated internally, and the model with the lowest AIC score is 

chosen. BIOMOD also provides an assessment of variable importance based on the 

extent to which model predictions change when a given variable is randomised 

(Thuiller et al. 2009). 

To measure changes in climatic suitability for the habitats rather than 

interpreting model projections as estimates of the changes in observed habitat 

distributions, an unlimited habitat expansion scenario was adopted, whereby the 

habitats are assumed to be able to track shifting suitable climate over the entire study 

area. We recognise that this is unrealistic for habitat modelling in particular, but the 

choice reflects a desire to assess the potential change in the overall climate space for 

the focal heath habitats in Ireland. The null or full dispersal scenarios generally 

considered in most studies are considered a limitation of BEMs (e.g. Thuiller et al. 

2008). However, newer methods developed for mobile species (e.g. Barbet-Massin et 

al. 2012) are not appropriate for habitat modelling. 
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2.5.  Model predictive performance 

Projections of the probability of occurrence for each individual model were 

based on a threshold maximizing the true skill statistic (TSS), a commonly used 

threshold because it produces the most accurate predictions (Allouche et al. 2006). 

Model accuracy was also assessed with the area under the curve (AUC) from receiver 

operating characteristic plots (Fielding & Bell 1997). Although AUC has been 

criticised recently (e.g. Lobo et al. 2008), it still provides an informative measure of 

model discriminatory performance (Reineking & Schröder 2006). We also use 

Cohen’s kappa as a further measure of model predictive performance and as a further 

measure widely applied in the literature. 

Each individual model in BIOMOD assesses the contribution of the predictor 

variables to the model, and a permutation procedure enables the extraction of a 

measure of the relative importance of each variable. Following model calibration, a 

standard prediction is made; then, following randomisation of one of the variables, a 

new prediction is made. The correlation score between the standard and new 

prediction is calculated and is considered to give an estimation of the variable 

importance in the model (Thuiller et al. 2009). 

By allowing the calculation of an ensemble prediction from all the models, the 

BIOMOD framework reduces the uncertainties arising from the use of only a single 

model. Several methods are provided to enable this, such as probability mean and 

weighted mean. A PCA of the median value was used and is calculated on the 

probabilities given by the models. This ranks the models according to their predictive 

performance, and in the version of BIOMOD used here, the consensus model is the 

model whose projection is the most closely correlated with the first axis of the PCA 

(Thuiller et al. 2009). It is considered to be more reliable because it is less influenced 

by extreme values (Thuiller et al. 2009), and a decay weighting of 1.6 was used. The 

decay gives the relative importance of the weights, e.g. a decay of 1 is equivalent to a 

committee averaging, whereby the same weights are given to all the elements. 

3.  RESULTS 

3.1.  Model performance and the importance of variables 

The predicted baseline distributions obtained for all the BIOMOD wet heath 

models have good TSS values (0.648–0.713), kappa values (0.652–0.714) and AUC 

range of values (0.874–0.929) (Table 2).  Similarly, the predicted baseline 

distributions obtained for all the BIOMOD alpine and boreal heath models have good 

TSS values (0.671–0.737) and good to excellent kappa values (0.670–0.738) and 

AUC range of values (0.858–0.936) (Table 2). This consistent performance between 

the models for the baseline is reflected in the mean predicted probability for each 

model type, which is not the case for the climate change projections, where there are 

substantial differences in the mean probabilities for both the wet heath (Fig. 2a) and 

alpine and boreal heath (Fig. 2b) models. 

For the wet heath modelling, there is again consistency between the BIOMOD 

models in relation to the variable importance. Across the models, mean winter 

precipitation and mean elevation emerge as consistently important, although the 

relative importance of each varies between the models according to the influence of 

the other covariates in each individual model type (Fig. 3a). For the alpine and boreal 

heath models, while mean winter precipitation is also consistently the main climatic 
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variable of importance, there is more variation in the importance of the topographic 

covariates in the models. Maximum elevation emerges as the topographic variable of 

greatest importance in the ANN, CTA, GBM and RF models, whereas elevation range 

is more important in the GAM, GLM and FDA models (Fig. 3b). 

3.2.  Comparison of baseline and projected climate change 

3.2.1.  Wet heath models 

A comparison of the mapped predictions for the baseline period from the 7 

BIOMOD models with the observed distribution indicates that the general pattern of 

the spatial distribution of wet heath is well captured in all models, with incorrect 

predictions mainly occurring in grid cells around the Midlands (Figs. S1–S7 in the 

Supplement, available at www.int-res.com suppl/c069p177_supp.pdf). 

By contrast, when the A1B scenario climate change data are projected through 

the models, the results differ substantially between the different models. The GLM 

and FDA models project the greatest potential loss of climate space compared to the 

baseline (Table 3; Figs. S1 & S7 in the Supplement). The GAM model projects 

substantial losses of climate space in the south but gains in the north (Table 3; Fig. S2 

in the Supplement), while the ANN and GBM models project some loss of climate 

space in the south with gains in the north (Table 3; Figs. S3 & S4 in the Supplement). 

The RF model projects considerable gains across the country (Table 3; Fig. S5 in the 

Supplement), with the CTA model projecting substantial fragmentation of climate 

space in the south and west but gains in the east and north (Table 3; Fig. S6 in the 

Supplement). 

The BIOMOD ensemble projections indicate an overall loss of suitable 

climate space for wet heath, although a number of areas remain stable and some gains 

are also projected (Fig. 4a). Cells representing a limited expansion scenario (more 

realistic) and full expansion scenario (less realistic) are represented by blue squares 

and blue and green squares, respectively. The projected changes indicate the greatest 

loss of climate space to be in the south and west of the country; the most substantial 

losses are associated with low-elevation coastal cells and other low-elevation cells 

away from the mountains of the southwest and west. Overall, therefore, the models 

are projecting most losses of suitable climate space for low-lying southern and 

western cells, whereas they indicate some preservation of stable climate space for 

upland areas. The projected expansions of climate space are primarily in the 

Midlands, the east and the northeast. However, if a more realistic post hoc limited 

dispersal scenario is applied, whereby only gains associated with cells adjacent to the 

baseline distribution are counted, projected climate space gains are only realistic for 

76 of the 10 × 10 km cells relative to the baseline. 

3.2.2.  Alpine and boreal heath models 

A comparison of the mapped predictions for the baseline period from the 7 

BIOMOD models with the observed distribution indicates that the general pattern of 

the spatial distribution of alpine and boreal heath is well captured in all models, with 

incorrect predictions mainly occurring in grid cells around the north of the country 

(Figs. S1–S7 in the Supplement). 

By contrast, when the A1B scenario climate change data are projected through 

the models, the results differ substantially between the different models. The GLM 
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and FDA models project the greatest potential loss of climate space compared to the 

baseline (Table 3; Figs. S8 & S14 in the Supplement). The GAM model projects 

substantial losses of climate space in the south but gains in the north (Table 3; Fig. S9 

in the Supplement), while the ANN and GBM models project some loss of climate 

space in the south with gains in the north (Table 3; Figs. S10 & S11 in the 

Supplement). The RF and CTA models project considerable gains across the country 

(Table 3; Figs. S12 & S13 in the Supplement). 

The BIOMOD ensemble projection indicates a fragmentary loss of suitable 

climate space for alpine and boreal heath in the south and west, although many areas 

remain stable and regional gains are projected for the northeast (Fig. 4b). Cells 

representing a limited expansion scenario (more realistic) and full expansion scenario 

(less realistic) are represented by blue squares and blue and green squares, 

respectively. Overall, therefore, the models are projecting most losses of suitable 

climate space for low-lying southern and western cells, whereas they indicate 

substantial preservation of suitable climate space for upland areas. The projected 

expansions of climate space are primarily in the east and northeast. However, 

applying the more realistic post hoc limited dispersal scenario, whereby only cells 

adjacent to the baseline distribution are counted, projected climate space gains are 

only realistic for 45 of the 10 × 10 km cells relative to the baseline. 

 

4.  DISCUSSION 

4.1.  Modelling current distribution 

Overall, the results here provide good climate-based models for the 

distribution of wet heath and alpine and boreal heath which relatively accurately 

replicate the observed baseline distribution of the habitats across Ireland. All of the 

BIOMOD models with the application of climatic-based variables are useful 

predictors of heath habitat distributions in Ireland. In general, macroclimate is the 

primary environmental control on the distribution of the heaths at the geographical 

scale modelled here. However, topographic variables represented in these models by 

elevation, through their influence on microclimate (i.e. temperature and precipitation), 

are also important variables. 

Mean winter precipitation and elevation emerge as the key variables in all 

model categories, although their relative importance in relation to the other covariates 

varies between the model types and between the different heath habitats. For example, 

mean winter precipitation and mean elevation are the key variables of importance in 

the wet heath models, whereas elevation range and maximum elevation alongside 

mean winter precipitation are more important in the alpine and boreal heath models. 

Using elevation terms in the models supports results showing that the inclusion of 

topographical variables improves the predictive accuracy of models for similar 

habitats (Coll et al. 2011, 2013, 2014, 2016) and species of these habitats (Hodd et al. 

2014) in Ireland. As climatic and topographical gradients are known to operate at 

different spatial scales, with the latter nested in the former (Bruun et al. 2006), the 

inclusion of the elevation data in this study therefore provides a more local component 

for all the models. Elevation range has been commonly used as a surrogate for 

environmental and climatic heterogeneity within grid cells in species richness 

modelling studies, as topographical heterogeneity compresses biotic communities into 
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more constricted vertical spaces (e.g. Richerson & Lum 1980, Currie 1991, Coblentz 

& Riitters 2004) and effectively mingles habitat types and species that are otherwise 

often widely spatially separated. 

Precipitation and elevation (through its influence on temperature) are known 

key controls on the habitat distribution in the present, and their importance as 

covariates in the models here reflect other modelling work on the distribution of 

active blanket bog habitat in Ireland (Jones et al. 2006, Donnelly et al. 2008, Coll et 

al. 2011, 2014). Hence, the future changes in climate space projected for the habitats 

in response to the changes in temperature and precipitation make sense both 

biogeographically and topographically at the finer scale of analysis presented here for 

Ireland. 

4.2.  Modelling the effect of climate change on heath distribution 

The projected reduction and re-alignment of climate space associated with the 

wet heath in the current study are inconsistent with suggestions that the habitat may 

not be sensitive to climate change. However, the work here is the first study 

undertaken at a finer spatial scale and with elevation terms incorporated in the 

BIOMOD model families. While there is a wide range of projected changes between 

the model families themselves, the overall model consensus is for a reduction and re-

alignment of the available climate space. 

Although the alpine and boreal heath models project a similarly wide range of 

changes in climate space between the model types, the stability of climate space as 

projected by the BIOMOD consensus model is more surprising. Our models indicate 

apparently less sensitivity for this habitat compared to the results for the wet heath, a 

result which is inconsistent with previous thinking, i.e. that these habitats are more 

sensitive to climate change than the wet heaths. Internationally important bryophyte 

species and communities are also considered vulnerable, while arctic–montane 

species are projected to see areas of suitable climate either shift northwards or 

contract to higher elevations (Hodd et al. 2014). 

It is also surprising that the influence of the temperature terms was not more 

substantial in the models for both habitats. UK-based modelling, for example, 

indicates that combinations of temperature and precipitation variables were important 

in BEMs for blanket peat. For the UK, it was found that models which included 

measures of both hydrological conditions and maximum temperature provided a better 

fit to the mapped peat area than models based on hydrological variables alone (Clark 

et al. 2010). However, given the importance of the elevation terms in all the models, it 

is possible that these served as a proxy for some of the other seasonal temperature 

terms which could have been included. Certainly, the covariates used and the variable 

importance are analogous to results obtained previously using the same methods for 

active blanket bogs in Ireland (Coll et al. 2014). However, results here indicate that 

the heath habitats are potentially less sensitive than some of the other Irish habitat 

types modelled to date using similar methods (Coll et al. 2013, 2014). 

4.3.  Limitations and assumptions of the methods 

The limitations and assumptions involved in using a 10 × 10 km grid are 

recognised. The important controlling variables of topographic and environmental 

heterogeneity, for instance, will be lost at this resolution, together with important fine-

scale microclimatic controls. Similarly, for model grids at this resolution, no account 
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can be taken of the relative coherence or patchiness of heath habitats within individual 

grids where the community presence is recorded. An obvious but important point in 

relation to the heath communities is that projected changes in the climate space 

associated with the current distribution of wet heaths and alpine and boreal heaths are 

not the same as projecting changes in the actual distribution of the habitats over the 

next century. It has been suggested, for example, that wetland habitats occurring 

under similar conditions, even if not in a state of active growth, could well persist 

over decades or longer despite a reduction in climate space (Clark et al. 2010). 

The BEMs presented here are based on derived statistical relationships 

between the known mapped distribution of heaths and climatic variables; it is unlikely 

that this mapped distribution represents heaths in an equilibrium state with current 

climate. Given historical and contemporary drivers of change, particularly grazing 

pressure and the use of burning, the distributions of Irish heaths are substantially 

modified. It is therefore possible that the calibrated baseline models do not fully 

capture the climate envelope reflecting sustainable conditions for the presence of 

heaths. Nevertheless, and despite the criticisms, BEMs and other models are 

providing a better understanding of the mechanisms by which species and ecosystems 

can be affected by climate change, and considerable improvements are being made 

rapidly in virtually all aspects of this emerging field (Bellard et al. 2012). 

The final variables selected in the models reflect 2 primary properties of the 

climate (temperature and water) that are key factors affecting species and habitat 

distribution (e.g. Whittaker et al. 2007, Araújo et al. 2011). However, other important 

environmental information is omitted in the models. Therefore, the models could be 

refined by adding more topography and land cover variables; obvious candidates for 

the heath habitats would be further information on slope angle and aspect, which 

through their controls on light regimes influence evapotranspiration. For example, 

differences in light regimes between north- and south-facing aspects in temperate 

latitudes can produce differences in temperature equivalent to a move of ~200 km 

north (Austin & van Neill 2011) and lead to many differences in species composition, 

with, in particular, a higher diversity of bryophytes found on north-facing slopes 

(Hodd & Sheehy Skeffington 2011a,b). It has also been widely reported that the 

influence of local topography may create critical climatic refugia that are important 

even in studies of very large areas (e.g. Ohlemüller et al. 2008, Coll 2010, Austin & 

Van Neill 2011). Consequently, there is scope to incorporate more refined measures 

in future models which better capture the influence of topography in creating the 

conditions necessary for supporting heath formation. However, prior to and 

throughout the modelling process, we critically considered key assumptions and 

rigorously evaluated covariate selection based on the data available. Therefore, we 

consider that the results are presented in an appropriate conceptual context (sensu 

Araújo & Peterson 2012). 

4.4.  Implications of changing climate space for heath 
distributions 

The projected decline and fragmentation of the climate space associated with 

heath habitats would have significant implications for the ecology of these complex 

upland ecosystems and their associated plant and animal species. Seasonal drying, for 

example, may affect surface microtopography and hydrology; this in turn will 

influence the plant composition, particularly impacting key bryophyte species (Hodd 

& Sheehy Skeffington 2011, Hodd et al. 2014) and habitat suitability for birds (Carrol 
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et al. 2011, Renwick et al. 2012) and other species. Loss of unprotected high-quality 

upland habitats such as heaths will result in the direct loss of upland biodiversity by 

physical removal of the habitats and their associated species, while degradation may 

cause reduced species diversity and local extinction of rare or sensitive species (Scally 

et al. 2010). Such a climate change-driven degradation and loss may have secondary 

impacts on the biodiversity value of the remaining heath areas through increased 

isolation and fragmentation of the remaining habitat. Additionally, upland ecosystems 

provide a range of ecosystem services remote from their location, e.g. the regulation 

of downstream areas through the flow of water; hence, any degradation or loss of 

these habitats has ecosystem service implications for habitats and human communities 

away from the uplands themselves. 

Degrading heaths will also have an impact on the wider structure and function 

of the uplands as the overall mosaic of habitat types respond to climate change. For 

example, drier and warmer summers may increase the frequency, size and severity of 

uncontrolled fires (Albertson et al. 2010), and drought effects may become more 

common later in the year (e.g. Cannell et al. 2004). This may have severe impacts in 

areas already subject to pressures such as overgrazing, inappropriate burning, and loss 

of vegetation cover combined with erosion of the peat or soil. Although fire is 

currently not common in alpine or boreal heaths, nor recommended for management, 

a drier climate may result in more fires from lower altitude spreading into this habitat. 

This would lead to scarring of upper slopes and a slow subsequent recovery, with a 

likely loss of dwarf shrub cover, the moss Racomitrium lanuginosum and specialised 

montane species, to be replaced by bare ground or the rush Juncus squarrosus and 

graminoid species. There is also likely to be a modified seasonal incidence of extreme 

weather such as high-intensity precipitation events (Matthews et al. 2016). A 

substantial impact for heathlands could be a modified fire seasonality, with more 

summer and autumn fires than is currently the case (Albertson et al. 2010), and direct 

burning of the peat itself during fires, with negative consequences for the seed bank. 

These impacts could be exacerbated by subsequent increased winter rainfall. These 

factors may combine to result in increased erosion of the peaty soils associated with 

the wet heaths and the sparse skeletal soils associated with montane heaths. 

A loss of montane and wet heath habitats in Ireland would be detrimental to 

the conservation of these Annex I habitats in Europe as a whole, disproportionate to 

the area present in Ireland. Although the alpine and boreal heath does not cover large 

areas in Ireland, the highly oceanic character of the habitat here means that it 

represents a very different aspect of this vegetation than that present across more 

continental mountain areas. Therefore, it is important to make every effort to conserve 

these habitats and to identify and mitigate against any threats to their future survival. 

Based on results here, climate change could be a key potential future threat to these 

habitats. 

 

5.  CONCLUSIONS AND IMPLICATIONS FOR FUTURE WORK 

Our results indicate that the distribution of wet heath habitats in Ireland is 

regionally sensitive to climate change, most notably for lower-lying areas in the south 

and west of the country. Increasing temperature and precipitation changes may reduce 

and fragment the area that is suitable for heath development. This could have major 

implications for the lowland wet heath distributions along the western Atlantic 
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seaboard, where the projected losses are greatest. Offsetting these losses are climate 

space gains in the Midlands and the northeast and some retention of suitable climate 

space in upland areas in the south and west. The stability of climate space for alpine 

and boreal heath as projected by the BIOMOD consensus model is more surprising, as 

this habitat is considered more sensitive to climate change. In addition, the consensus 

model projects a substantial expansion of the potentially available climate space to the 

north and east. In summary, projected climate space losses (gains) from the BIOMOD 

consensus model are –40.84% (limited expansion) and –10.38% (full expansion) for 

wet heath and –18.31% (limited expansion) and +28.17% (full expansion) for alpine 

and boreal heath. However, areas which are projected to become suitable in the future 

would not necessarily ever be suitable for the growth of heath due to factors not 

included in the models, particularly geology and the presence of intensive agriculture, 

especially in the Midlands. These projected changes may proportionately affect both 

the lowland and upland heath communities, with important conservation policy 

implications. 

Incorporating more detailed information into the BEMs can further improve 

confidence and reduce uncertainty in model estimates for the future distribution of 

Irish heaths. Specifically, information such as habitat type and species composition at 

a finer scale could better inform us on the status and type of heaths. Such an approach 

would require accurate survey data integrated at a finer spatial resolution alongside 

finer-meshed climate and climate change data. Other information, e.g. underlying 

drift, soil conditions, and slope angle and aspect, may improve model results. The 

distribution models presented here should be applicable to areas of wet and montane 

heath distribution outside Ireland, so long as data for the evaluation of the estimates 

are available. 

Some attempt has been made to deal with uncertainty, at least in relation to 

differing results between the model categories, by providing the results from the 

individual BEMs implemented in the BIOMOD framework alongside the ensemble 

projection. Certainly, there is substantial variation in the results between the 

individual BEM types when the A1B scenario data are projected through the models. 

Although only the downscaled output from 1 GCM and scenario has been used to 

project climate space changes here, the methods lend themselves to using different 

GCM and RCM outputs from a range of scenarios (e.g. Fronzek et al. 2011, Garcia et 

al. 2012) and from different sources (e.g. Fronzek et al. 2012) to better encapsulate 

uncertainty. Given the importance of mean winter precipitation in all the BEM model 

families, if a wetter or dryer model or scenario had been used from the ENSEMBLES 

RCMs, the results projected via the BEMs could have varied further. Work using the 

new representative concentration pathways (RCPs) and multiple GCMs show that 

projected species distributions exhibit broad differences, depending not only on 

emissions scenarios but also on GCMs (Goberville et al. 2015). This is not surprising, 

as climate models project future climate conditions at a coarser scale of resolution 

than the biological and environmental data used to calibrate BEMs (Pacifici et al. 

2015). Nevertheless, future work on Irish habitat modelling would benefit from using 

combined multi-GCM and multi-RCP data to better consider potential trajectories and 

uncertainties in projected future distributions. 

Overall, such an expanded framework would allow the identification of 

adaptation strategies that are robust (i.e. insensitive) to climate change uncertainties, 

and would allow more confidence in identifying and targeting vulnerable areas of 

heath habitat for priority conservation management measures. However, future 
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research could integrate such a scenarios–impacts (top-down) approach alongside a 

vulnerability–thresholds (bottom-up) approach. Rather than trying to predict impacts 

through individual scenarios, such an integrated approach would help to better 

identify critical thresholds for climate change vulnerabilities alongside other drivers 

of change in these sensitive systems. Such refinements would also help inform best 

practice conservation management, whereby limited resources could be directed to 

areas coincident with healthy and functional heath communities and projected future 

climate suitability. 
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FIGURES AND TABLES 

 

 

 

 

 

 

Fig. 1. Current distribution of (a) wet heath and (b) alpine and boreal heath in Ireland. 

Blue squares denote the habitat presence; white squares denote absence. The map is 

based on National Parks and Wildlife Service data (Ireland) and Joint Nature 

Conservancy Council data (Northern Ireland) 
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Fig. 2. Comparison of the predictive performance of the 7 models implemented in 

BIOMOD illustrating the mean probability distribution shifts associated with climate 

change projections compared to the baseline for (a) wet heath and (b) alpine and 

boreal habitats. BL (blue) denotes the 1961–1990 baseline prediction for each model 

type; CC (red) denotes the 2031–2060 climate change projection for each model type. 

Error bars: SE. GLM: generalised linear model; GAM: generalised additive model; 

ANN: artificial neural network; GBM: generalised boosting method; RF: random 

forest; CTA: classification tree analysis; FDA: flexible discriminant analysis 
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Fig. 3. Relative importance of the variables used to model (a) wet heath and (b) alpine 

and boreal habitats. The variable of importance was calculated as 1 minus the 

correlation between the standard prediction and the prediction where the considered 

variable was randomised. ATR: annual temperature range; MWP: mean winter 

precipitation; MWT: mean winter temperature; Range: elevation range; Mean: mean 

elevation. ANN: artificial neural network; CTA: classification tree analysis; GAM: 

generalised additive model; GBM: generalised boosting method; GLM: generalised 

linear model; FDA: flexible discriminant analysis; RF: random forest 
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Fig. 4. Mapped BIOMOD consensus model outputs for (a) wet heath and (b) alpine 

and boreal heath habitats based on median probability ensemble forecasting method 

values using the true skill statistic threshold. Red squares denote projected losses of 

climate space for the A1B 2031–2060 scenario relative to the baseline; blue squares 

denote stable climate space grids (areas of suitable climate under a no dispersal — no 

habitat expansion — scenario); green squares denote potential climate space gains 

relative to the baseline; blue and green squares combined indicate areas of suitable 

climate under a full dispersal (habitat expansion) scenario 
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Table 1. Covariate selection evaluated for inclusion in the 7 bioclimatic envelope 

models 

 

Name Definition Unit 

Climate   

ATR Annual temperature range (maximum temperature of the 

warmest month–minimum temperature of the coldest month) 

°C 

MAT Mean annual temperature °C 

MST Mean summer temperature °C 

MTW Mean temperature of warmest month °C 

MWT Mean winter temperature °C 

NAP Net annual precipitation mm 

MSP Mean summer precipitation (June–August) mm 

MWP Mean winter precipitation (December–February) mm 

    

Topography 

  

Min Minimum elevation m 

Max Maximum elevation m 

Mean Mean elevation m 

Range Elevation range m 

 

Table 2. Summary comparison of model evaluation statistics with respect to the 7 

BIOMOD modelling techniques used for wet heath and alpine and boreal habitats. 

TSS: true skill statistic; Kappa: Cohen’s kappa; AUC: area under the curve. GLM: 

generalised linear model; GAM: generalised additive model; ANN: artificial neural 

network; GBM: general boosting method; RF: random forest; CTA: classification tree 

analysis; FDA: flexible discriminant analysis 

 

Model category TSS Kappa AUC 

Wet heath    

GLM 0.694 0.691 0.916 

GAM 0.690 0.687 0.919 

ANN 0.648 0.652 0.900 

GBM 0.713 0.711 0.929 

RF 0.712 0.714 0.929 

CTA 0.671 0.674 0.874 

FDA 0.706 0.705 0.918 

CONSENSUS 0.691 0.691 0.912 

    

Alpine and boreal heath    

GLM 0.683 0.670 0.920 

GAM 0.692 0.683 0.921 

ANN 0.671 0.641 0.890 

GBM 0.737 0.738 0.936 

RF 0.721 0.710 0.933 

CTA 0.666 0.678 0.858 

FDA 0.671 0.695 0.914 

CONSENSUS 0.692 0.688 0.910 
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Table 3. Summary comparison of individual model baseline prediction calls and projected changes in climate space associated with the A1B 

2031–2060 climate scenario data applied for each 10 × 10 km grid square for the wet heath habitat. GLM: generalised linear model; GAM: 

generalised additive model; ANN: artificial neural network; GBM: general boosting method; RF: random forest; CTA: classification tree 

analysis; FDA: flexible discriminant analysis. See Table 1 for acronyms 

 

Model 

category 

Baseline 

predicted 

presence 

Baseline 

predicted 

absence 

Climate 

change 

projected 

presence 

Climate 

change 

projected 

absence 

Projected 

loss 

Projected 

stable 

Projected 

gain 

Change 

from 

baseline (%) 

Wet heath         

GLM 478 485 154 809 394 499 70 –67.8 

GAM 453 510 319 644 249 599 115 –29.6 

ANN 522 441 525 438 154 652 157 +0.6 

GBM 482 481 535 428 104 702 157 +9.0 

RF 284 679 648 315 9 581 373 +56.2 

CTA 504 459 510 453 178 601 184 +1.0 

FDA 460 503 116 847 399 509 55 –74.8 

         

Alpine and 

boreal heath 

        

GLM 367 596 90 873 308 624 31 –74.5 

GAM 318 645 225 738 157 742 64 –29.3 

ANN 384 579 334 629 95 823 45 –13.1 

GBM 277 686 344 619 30 836 97 +19.5 

RF 284 679 374 589 43 787 133 +24.1 

CTA 244 719 333 630 10 854 99 +16.7 

FDA 347 616 187 776 205 713 45 –46.2 

  


