

[image: image1]
Land Cover and Climate Change May Limit Invasiveness of Rhododendron ponticum in Wales









	
	ORIGINAL RESEARCH
published: 18 May 2018
doi: 10.3389/fpls.2018.00664





[image: image2]

Land Cover and Climate Change May Limit Invasiveness of Rhododendron ponticum in Wales


Syed A. Manzoor1*, Geoffrey Griffiths2, Kotaro Iizuka3 and Martin Lukac1,4


1School of Agriculture, Policy and Development, University of Reading, Reading, United Kingdom

2Department of Geography and Environmental Sciences, University of Reading, Reading, United Kingdom

3Center for Spatial Information Science, University of Tokyo, Tokyo, Japan

4Faculty of Forestry and Wood Sciences, Czech University of Life Sciences Prague, Prague, Czechia

Edited by:
Urs Feller, Universität Bern, Switzerland

Reviewed by:
Erik T. Nilsen, Virginia Tech, United States
 Helena Freitas, Universidade de Coimbra, Portugal

* Correspondence: Syed A. Manzoor, s.a.manzoor@pgr.reading.ac.uk

Specialty section: This article was submitted to Agroecology and Land Use Systems, a section of the journal Frontiers in Plant Science

Received: 31 October 2017
 Accepted: 30 April 2018
 Published: 18 May 2018

Citation: Manzoor SA, Griffiths G, Iizuka K and Lukac M (2018) Land Cover and Climate Change May Limit Invasiveness of Rhododendron ponticum in Wales. Front. Plant Sci. 9:664. doi: 10.3389/fpls.2018.00664



Invasive plant species represent a serious threat to biodiversity precipitating a sustained global effort to eradicate or at least control the spread of this phenomenon. Current distribution ranges of many invasive species are likely to be modified in the future by land cover and climate change. Thus, invasion management can be made more effective by forecasting the potential spread of invasive species. Rhododendron ponticum (L.) is an aggressive invasive species which appears well suited to western areas of the UK. We made use of MAXENT modeling environment to develop a current distribution model and to assess the likely effects of land cover and climatic conditions (LCCs) on the future distribution of this species in the Snowdonia National park in Wales. Six global circulation models (GCMs) and two representative concentration pathways (RCPs), together with a land cover simulation for 2050 were used to investigate species' response to future environmental conditions. Having considered a range of environmental variables as predictors and carried out the AICc-based model selection, we find that under all LCCs considered in this study, the range of R. ponticum in Wales is likely to contract in the future. Land cover and topographic variables were found to be the most important predictors of the distribution of R. ponticum. This information, together with maps indicating future distribution trends will aid the development of mitigation practices to control R. ponticum.

Keywords: climate change, invasive species, Maxent, Markov chain, multi-layer perceptron, species distribution modeling

INTRODUCTION

Invasive alien species are considered the second biggest threat to global biodiversity, after habitat degradation (Gurevitch and Padilla, 2004; Powell et al., 2013). Invasive plant species alter the dynamics of plant communities and thus threaten the stability and functioning of established ecosystems by affecting nutrient cycles and net primary productivity, affecting soil health by increasing soil acidity, posing risk for pollinators, inhibiting regeneration of native species, and competing with native flora (Manchester and Bullock, 2000; Ehrenfeld, 2003; Snowdonia Rhododendron Partnership, 2015; Tiedeken and Stout, 2015). Plant invasion causes significant economic losses to crop and livestock farmers around the world (Peterson et al., 2008). Various studies estimate that the global monetary value of direct damage and associated control of invasives exceeds $100 billion per annum (Pimentel et al., 2005). However, since there are many invasive species with no recorded damage costs, the true figure is likely to be many times higher than these estimates (Bradshaw et al., 2016). Several studies have highlighted the potential impacts of global climate change on population dynamics of invasive species, with secondary effects on host plant communities and ecosystems (Chapin et al., 2000; Peterson et al., 2008). During the last century, global average temperatures have increased by 0.85°C above pre-industrial levels and are expected to further increase by 0.3–4.8°C by 2100 (IPCC, 2013). Changes in climatic conditions may render some regions more or less suitable for invasive plants thus increasing or decreasing their range (Bradley et al., 2010). Effects of climate change on invasiveness of alien species must be considered and any prediction of future distribution should include a range of climate change scenarios.

Once an invasive species has established itself, one of the most cost effective ways to reduce its threat is to map its current distribution and take pre-emptive measures to prevent further expansion (Alves et al., 2017). Such targeted management of biological invasions is not possible without information about the likely future distribution of invasive species. In this context, species distribution models (SDMs) present a workable opportunity to examine future changes in species distribution (Taylor et al., 2012). As climate is a strong determinant of habitat suitability of plant species (Marino et al., 2011), SDMs are often driven by environmental variables. Also known as ecological niche models, they are successfully being used for projecting the impacts of climate change on plant distributions (Elith et al., 2006; Ramírez-Albores et al., 2016). In principle, species are assumed to exist in a “niche” described by ecological requirements of the species. SDMs characterize these ecological space of a species and subsequently identify vulnerable locations based on the environmental suitability of the species (Trivedi et al., 2008).

In addition to climate, distribution of invasive plant species is often strongly linked to land cover type. For instance, transportation corridors, continuous grasslands, forest areas, and proximity to human settlements are often reported as strong determinants of species spread (Decker et al., 2012). A score of SDM studies indicates that land cover is often a far better predictor of species habitat suitability than climatic variables (Yang et al., 2013; Alkhamis et al., 2017; Bosso et al., 2017; Guo et al., 2017; Padalia and Bahuguna, 2017). Changes in land cover can affect both quality and quantity of suitable habitat, in some instances the landscape variables alone can accurately predict the distribution of a species (Hailu et al., 2017). It is therefore recommended to consider climate and land cover change in combination when exploring species' niche shifts in future (Dale, 2017). However, despite the fact that land cover is an integral part of species' ecological niche, the majority of SDM studies investigating species' future distribution ignore it and assume that species' future distribution is only driven by shifts in climatic variables (Khanum et al., 2013; Khadka and James, 2017; Qin et al., 2017). The history of climatic changes and human land use shows that land cover types will shift, any modeling of species' future distribution based merely on climatic variables may lead to a severely misleading prediction (de Chazal and Rounsevell, 2009).

In Europe, Rhododendron ponticum (L.) is an invasive plant species that was introduced to the United Kingdom in the eighteenth century as an ornamental plant. It is a perennial, evergreen shrub that generally invades woodlands (Tiedeken and Stout, 2015), although it has been shown to colonize other types of habitats too. The main ancestor is reported to be the population of R. ponticum resident at the southern tip of Spain. The successful invasion of R. ponticum in the UK is attributed to a range of its ecological and biological characteristics: it produces great amounts of seeds which are wind-dispersed, can tolerate shade and thus outcompetes flora under closed canopies and can easily colonize low-nutrient sites (Dehnen-Schmutz and Williamson, 2006). It often prevents germination of native plant species by casting a dense shade and by releasing toxins into the soil (Stephenson et al., 2006). Germination of R. ponticum seeds may occur on a number of substrates, including tree stumps and mosses covering bare ground (Cross, 1981) The UK invasion by this shrub has been more intense in Western and North Western parts, which are the comparatively cooler and wetter areas of Britain. A genetic analysis of the British population of R. ponticum has confirmed the presence of genes from R. catawbiense (Michx), suggesting past hybridization between the two species. R. catawbiense is a species native to North America and characterized by greater cold tolerance (Erfmeier et al., 2011; Snowdonia Rhododendron Partnership, 2015; Die et al., 2017), a trait that may increase invasiveness of R. ponticum in the UK. However, an in-depth analysis is still required to identify the other key environmental factors responsible for colonization and spread of this species. Of the various parts of U.K. invaded by R. ponticum, Wales is one of the worst affected regions. In this study, we focus on the Snowdonia National Park in Wales where R. ponticum is identified as a major invasive species affecting large areas of the National Park (Jackson, 2008) indicating that current environmental, topographic and land cover conditions in Snowdonia represent a range of conditions very suitable for R. ponticum.

We examine the current and future distribution of R. ponticum in Snowdonia National Park, Wales, UK under current and future land cover and climatic conditions (LCCs). Our modeling effort aims to, (a) delineate “invasion hotspots” for R. ponticum in Snowdonia National Park, (b) identify key ecological factors driving the spread of R. ponticum in the park, and (c) identify likely spatial patterns of habitat suitability under future climate conditions to establish a theoretical reference framework for management plans to combat the potential invasion of R. ponticum.

MATERIALS AND METHODS

We used MAXENT, a maximum-entropy based machine learning algorithm to model the distribution R. ponticum (L.) in Snowdonia National Park. MAXENT predicts the probability distribution of a species on the basis of a given set of environmental variables and presence-only species occurrence data (Phillips et al., 2004). We selected MAXENT because, (a) it does not require absence data (Phillips et al., 2006), (b) it efficiently handles complex interactions between predictor and response variables (Elith et al., 2006), (c) being a generative model, it performs better than discriminative models when it comes to modeling with presence-only records and, (d) it can be run with both categorical and continuous data variables (Elith et al., 2011). There are several known limitations of the MAXENT modeling environment; (a) sensitivity to small sample size and questionable occurrence records (Elith et al., 2011), (b) use of overly complex models due to user over-reliance on default model calibration settings (Moreno-Amat et al., 2015), and (c) biased performance due to errors in sampling effort or spatial autocorrelation of occurrence records (Veloz, 2009). In this study, we countered these model limitations by; (a) using reasonably large sample size and applying recommended screening and verification of occurrence records, (b) tuning the model by identifying optimal model calibration settings, and (c) accounting for sampling bias and applying spatial filters to reduce spatial autocorrelation.

Pre-processing of Occurrence Records and Predictor Variables

Presence-only occurrence records of R. ponticum were obtained from COFNOD (Local Environmental Records Centre in Wales, UK). A dataset totaling 436 occurrence records originating from a continuous field observation campaign spanning the period between 1981 and 2016. COFNOD has confirmed that the entire area of Snowdonia National Park had been thoroughly surveyed by ground surveys and remote sensing tools, thus minimizing the possibility of sampling bias in the dataset. Consequently, in our modeling effort we covered the entire area of the national park, generating 10,000 random background points to be selected from in each replicate run of the model. Spatial uncertainty of all occurrence records was verified and all duplicate or not geo-referenced occurrence points were removed. Occurrence data were spatially rarefied by eliminating all but one point present within a single grid cell of the predictor variable layers to reduce spatial autocorrelation. As a result, the number of occurrence points used for model calibration and verification was reduced from 452 to 92.

We considered a total of 23 predictor variables (Table 1) covering Snowdonia National Park at a cell resolution of 30–arc-seconds (~1 km, worldclim.org, version 1.4, Hijmans et al., 2005). These 23 variables were selected on the basis of published information on plant-habitat associations of R. ponticum. We included bioclimatic variables, together with a land cover variable as R. ponticum is a habitat-specialist and thus sensitive to land cover type. In addition, we included topographic factors such as slope, aspect and altitude as these factors are also known to limit the distribution of this species (Erfmeier and Bruelheide, 2004; Eşen et al., 2004; Stephenson et al., 2006; Harris et al., 2011). In all, our predictor dataset consisted of 19 climatic variables were complemented by 3 topographic and 1 land cover variable. A Digital Elevation Model (Shuttle Radar Topography Mission, https://lta.cr.usgs.gov/SRTM1Arc) with spatial resolution of 30 m was used to derive three topographic variables: altitude, aspect and slope. Land Cover data originates from “The European Space Agency CCI” global land cover product available at 300 m of spatial resolution (www.esa-landcover-cci.org). The whole set of 23 variables (19 climatic, 1 land cover, and 3 topographic) was re-sampled to 1 km spatial resolution and masked to the extent of Snowdonia National Park. A combination of expert knowledge, published studies on R. ponticum invasiveness in the UK and statistical methods was used to select an appropriate set of predictor variables to reduce the negative impact of multicollinearity and to conform to statistical assumptions (Syfert et al., 2013). We removed highly correlated variables by applying a Pearson correlation coefficient cutoff of r ≤ 0.85 to select the variable layers for use in final model runs (Graham, 2003).


Table 1. Predictor variables used in the study, variables highlighted in bold were selected to run all models presented in this study.
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Habitat Suitability Under Climate and Land Cover Change Scenarios

Projected future climatic conditions for the year 2050 based on the IPCC 5th assessment report were used to assess the potential effects of climate change on R. ponticum habitat suitability in Snowdonia National Park. We used the following six GCMs projections: BCC-CSM1-1, CCSM4, GISS-E2-R, MIROC5, HadGEM2-ES, and MPI-ESM-LR. These are some of the most recent GCMs, also used in the Fifth Assessment IPCC report and are currently considered the most reliable GCMs for future climate projections (IPCC, 2014). The assessment was made under two Representative Concentration Pathways: RCP 4.5 and RCP 8.5. RCP 4.5 describes a scenario where GHG emissions are stabilized and thus represents a stable scenario, while RCP 8.5 is a scenario depicting an extreme situation where GHG emissions increase until 2100 (Akhter et al., 2017).

Land cover for 2050 was simulated in Terrset software (Eastman, 2006) using recommended protocols (Dadhich and Hanaoka, 2010; Ozturk, 2015; Ye et al., 2018). Making use of the Multi-layer Perceptron-Markov Chain (MLP-MC) model, we projected the future land cover changes of Snowdonia National Park in 2050 based on historical changes in the land cover between 2005 and 2015. The land cover maps for 2005 and 2015 were acquired from “The European Space Agency CCI” global land cover product. Land cover transitions were modeled using a Multi-layer Perceptron neural network. A transition matrix was created to quantify the transition potential between the two time periods. For the sake of simplicity, we assumed that the transition probabilities (patterns of change) would remain unchanged in future and used these to predict land cover for 2050. We used a number of driver or explanatory variables to generate transition potential maps to improve the prediction accuracy of the model. These driver variables included elevation, aspect, hillshade, slope, distance to roads, distance to road nodes, distance to water channels, distance to hydro nodes, distance to green space sites, and distance to access points. A flow chart of the land cover and species distribution modeling is shown in Figure 1.
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FIGURE 1. Flow chart detailing sequential steps carried out in land cover simulation (Step I) and Maxent based species distribution modeling (Step II) of R. ponticum in Snowdonia National Park, Wales.



Maxent Model Complexity and Tuning

The complexity of models resultant in MAXENT environment is primarily driven by the following two factors; feature type and regularization parameter (Moreno-Amat et al., 2015). Maxent offers a range of five function forms known as “feature types” to explain the relationship between predictor variables and the probability of species occurrence. These feature types are labeled as Linear (L), Quadratic (Q), Hinge (H), Product (P), and Threshold (T) (see Phillips et al., 2004, 2006; Elith et al., 2011 for details). Maxent allows users to select and combine different function forms manually or picks functions or their combinations automatically when left in the default “Auto Feature” mode. Most of the published MAXENT-based studies rely on the default options of feature type and regularization parameters, which means that model complexity and the risk of over-fitting is completely ignored by the researchers (Muscarella et al., 2014). The second key factor that determines the complexity of MAXENT models is the regularization parameter. As part of the modeling process, MAXENT pushes or modifies the predictor values (such as variance and mean) of environmental variables as close as possible to the values describing actual presence points, which frequently leads to over-fitting of the model. To counter over-fitting, MAXENT uses the regularization parameter to control the complexity of models (the default value is 1). The regularization parameter limits the number of “features” in the model, depending on the number of presence records (fewer records allow for fewer features to be included). A higher value of the regularization parameter penalizes the number of features and thus leads to less complex models (Merow et al., 2013). Various studies have confirmed that calibrating MAXENT models with default settings frequently leads to highly complex models, a species-specific tuning of the model is thus recommended (Moreno-Amat et al., 2015). In this study, we generated all possible combinations of features types in combination with a range of regularization parameter values; 0.1, and then 1–10 with an increment of 1. We then used ENMeval R package to select the model with the lowest AICc (corrected Akaike Information Criterion) value which was then used as the most appropriate (least over-fitted model) out of the whole suite of models (Warren and Seifert, 2011; Muscarella et al., 2014).

Model Calibration and Evaluation

We ran MAXENT (version 3.3.3a) with the default convergence threshold of 10−6 and with 5,000 iterations. This number of iterations was set to allow the model a reasonable scope for convergence, thus reducing the risk of over-predicting or under-predicting the model relationships. The selected model used the “Linear” and “Quadratic” feature types and the regularization parameter of 2, as indicated by the lowest AICc value. We processed 20 model replications with bootstrap resampling which randomly allocated 75% of the occurrence records to calibration and 25% to validation. We used the average of the 20 replicate models to produce habitat suitability maps under current and future scenarios. MAXENT produces continuous suitability index in its output, 10 percentile training presence threshold was employed to convert this index into binary form (suitable and unsuitable habitat; Rebelo and Jones, 2010).

AUC (Area under the receiver operating characteristic curve) was used to test the performance of the model against actual observations (Elith et al., 2006). An AUC value of 0.5 shows that the model does not predict any better than random chance, whereas a value closer to 1 indicates better performance of the model. Based on the AUC value, a conventionally used guide for ranking the model performance is: 0.5–0.6 = Failed; 0.6–0.7 = Poor; 0.7–0.8 = Fair; 0.8–0.9 = Good; 0.9–1 = Excellent (Swets, 1988). Jackknife test and percent variable contribution were used to assess the relative significance of predictor variables. Fitted response curves were used to visually investigate the relationship between individual variables and predicted index of environmental suitability of R. ponticum.

AUC was suggested not be sufficiently reliable for model evaluation, as an alternative, the Continuous Boyce Index (CBI) can be utilized a complementary evaluation index (Breiner et al., 2015). The Boyce index requires presence data only and measures how much model predictions differ from random distribution of observed presence across the prediction gradient. The continuous values of Boyce index vary between −1 and +1. Positive values indicate a model where predictions are consistent with the distribution of actual presence data, values close to zero mean that the model is not different from a random model and negative values indicate counter predictions (e.g., predicting no occurrence in areas where actual presence is recorded, Boyce et al., 2002; Hirzel et al., 2006).

RESULTS

Model Performance

The calibration test of the model specification selected on the basis of the lowest AICc showed encouraging predictive capacity: AUCtrain = 80.0, AUCtest = 75.61, and CBI = 0.82. These results suggest that the predictor variables used during model calibration can predict the presence of R. ponticum in the Snowdonia National park with a fairly good degree of accuracy. Current distribution of R. ponticum on a continuous habitat suitability map for the present day LCCs is shown in Figure 2.
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FIGURE 2. Continuous habitat suitability map of R. ponticum generated in Maxent model under current LCCs in Snowdonia National Park. Blue dots on the map show current distribution of species occurrence records.



Comparing the predictor variables used in this model, Land Cover type contributed the most predictive power (43.3%), followed by aspect (21.5%), and altitude (15.5%, Table 2). The Jackknife test suggests that the variable which decreases the gain the most when omitted is land cover, indicating that it contains the most information absent in the other variables (Figure 1, Supplementary Data S1).


Table 2. Analysis of variable contribution.
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Close inspection of individual response curves (Supplementary Data S1) shows how the logistic prediction by a variable changes when the rest of the predictor variables are artificially kept at their average values. Starting with Land Cover, the only categorical predictor used in this study, it suggests that the presence of several land use types may have a major influence on the probability of R. ponticum occurrence in Snowdonia National park. The likelihood of presence is the highest in Land Cover type “8” (Mosaic tree and shrub), followed by Land Cover type “6” (Needle leaved forest). Aspect was found to be an efficient predictor of R. ponticum distribution, indicating that the probability of occurrence is the highest in Northern Aspect (azimuth values ranging from 337.5 to 360°). The response curve of Altitude shows that the probability of presence is negatively correlated with this variable as increasing altitude suggests a gradual decrease in the probability of species occurrence. Precipitation seasonality (BIO 15) was shown to be negatively correlated to the probability of the presence of R. ponticum; the species is not likely to tolerate higher seasonal variability in precipitation in Wales. It is noteworthy that the probability of species occurrence decreases from 67 to as low as 27 within a narrow band defined by 22 and 25 mm of precipitation seasonality. Response curve of BIO 9 (Mean Temperature of the Driest Quarter) shows a similar trend, R. ponticum probability of occurrence decreases as the mean temperature of the driest quarter increases. BIO 2 (Mean Diurnal Range) and BIO 3 are only two climatic variables which appear to be positively correlated with the probability of R. ponticum occurrence. BIO 4 (the coefficient of variation of the mean of monthly temperatures, represents the seasonal variation in temperature) and Slope contributed the least to the model. Response curves of both these variables suggest that probability of species occurrence would decrease with increasing values of these variables.

Our land cover change simulation of Snowdonia National Park for the year 2050 revealed that broadleaved deciduous trees, needleleaved evergreen trees and grasslands may experience a contraction in their extent, while the area under herbaceous cover, mosaic tree and shrub, mosaic herbaceous cover and shrub, or herbaceous cover may increase (Table 3).


Table 3. Change in area (sq. km) under the 16 land cover classes of Snowdonia National Park between current (2015) and projected (2050) maps.
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Habitat Suitability Under Current and Future Land Use and Climate Change Scenarios

Binary maps of predicted distribution of R. ponticum in Snowdonia National park under current and future LCCs are shown in Supplementary Data S2. Based on the output of our model, nearly 50% of the total area of the park (1,050 of 2,132 km2) is currently suitable for R. ponticum invasion. Looking into the future, the extent of habitat suitable for R. ponticum in Snowdonia National park is likely to be negatively affected by land cover and climate change under all considered scenarios (Table 4).


Table 4. Variation in suitable area (in %) for R. ponticum in Snowdonia National Park for current time with those identified in land cover and six future climate change scenarios for 2050 at two Representative Concentration Pathways (4.5 and 8.5).
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Under RCP 4.5, minimum contraction (−3.45%) is predicted under MIROC5 while maximum contraction (−40.13%) in suitable area may take place under MPI-ESM-LR. Under RCP 8.5, minimum (−7.97%) and maximum (−46.78%) reduction in suitability range for R. ponticum may be expected under GCMs HadGEM2-ES and MPI-ESM-LR, respectively. A comparison of the current habitat suitability with the minimum and maximum future range contraction (binary maps) is shown in Figure 3. Results indicate that most of the northern, northeastern and central areas of the national park are likely to become unsuitable for R. ponticum by 2050 (in case of maximum contraction under GCM MPI-ESM, RCP 8.5). Detailed habitat suitability maps of all future LCCs are presented in Supplementary Data S2.
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FIGURE 3. Comparison of suitable habitat range of R. ponticum in Snowdonia National Park under current LCCs with the minimum and maximum range contraction scenarios in future LCCs. (A) Binary habitat suitability map of R. ponticum (current land cover and climatic conditions). (B) Binary habitat suitability map of R. ponticum (minimum range contraction scenario) GCM MIROC 5 RCP 4.5. (C) Binary habitat suitability map of R. ponticum (maximum range contraction scenario) GCM MPI-ESM-LR RCP 8.5.



DISCUSSION

This study presents the first attempt to delineate current distribution and investigate the impacts of changing landscape and climate on future distribution of R. ponticum in Snowdonia National Park. Both current and future distributions of this invasive plant are governed by an interaction of a range of factors. In the case of R. ponticum in Snowdonia, land cover and topography have been shown as the most influential, complemented by a range of climatic factors.

Land use has repeatedly been shown to be the key predictor variable determining plant species distribution (Yang et al., 2013). R. ponticum can invade a range of land cover categories, including natural to semi-natural, upland heaths, and occasionally grasslands. In Britain, earlier studies reporting on its occurrence suggest that woodland is the land cover type most affected by the invasion of R. ponticum (Dehnen-Schmutz et al., 2004). Our findings are in agreement with these reports; R. ponticum has the highest probability of occurrence in land cover categories representing “6: Mosaic Tree & Shrub” and “8: Needle Leaved Forest.” There are numerous reasons why R. ponticum favors woodland in Wales, for example, the availability of a microenvironment suitable for seed germination (Stephenson et al., 2006) or growing under tree canopies to spread “under-cover” and thus avoid eradiation likely play a role. Crucially, the presence of dead plant material or moss cover may be critical to R. ponticum establishment (Cross, 1981). In our study, Mosaic Tree & Shrub and Forests were the land cover categories which are likely to contain these substrates in the understory. Both of these land cover categories favored by R. ponticum are predicted to experience only a minor change (a decrease of −2.62% in category “6” while an increase of 4.52% in category “8”). Thus, the range contraction in R. ponticum seems to be much larger than the predicted change of suitable habitat types. This suggests that the predicted contraction in R. ponticum future range may not be primarily governed by land cover changes. These results are in agreement with some earlier studies suggesting that species' range may drastically contract even if there is only a little shift in land cover types (Charbonnel et al., 2016). Among topographic variables, aspect makes a major contribution in our model. We show that R. ponticum clearly favors the northern aspect for its establishment and growth. North-facing slopes at the latitude of Wales are likely to offer greater soil moisture, in addition to lower direct insulation intensity. Many other studies on R. ponticum, R. simsii, and R. ferrugineum suggest that northern slopes (in the Northern hemisphere) offer more favorable conditions for Rhododendron growth (Taylor et al., 2013; Christiaens et al., 2014; Francon et al., 2017). Our results show that the probability of occurrence of R. ponticum in Snowdonia is negatively correlated with slope. Earlier studies have suggested that shallow-slope areas are typically those with high soil moisture and nutrient availability, thus offering more favorable microenvironment for plant proliferation (Kang et al., 2016). Altitude explained a minor share of the variation in the training set of occurrence observations in this study. Even though altitude is considered an indirect variable since it has no direct effect on plant growth and physiology, it acts as a very good proxy of other un-measured or un-used variables. The reported altitudinal range of Rhododendron in Snowdonia National Park is well within the global range inhabited by this species. Therefore, it is likely that altitude per se does not represent a set of critically limiting variables in our study, but more likely acts as a proxy for auxiliary variables such as hydrology, exposure to light, wind speed, soil type and others which are not included in our model. There is strong evidence that the inclusion of indirect variables can enhance the predictive performance of SDMs, however their collinearity with direct variables must be addressed (Austin, 2002; West et al., 2016).

For climatic variables, our results indicate that both temperature- and precipitation-related variables make significant contribution to model prediction, which is in agreement with earlier studies which posit that the future distribution of R. ponticum in Wales may be affected by climatic predictors (Kang et al., 2016). Under all GCMs considered here, habitat suitability range decreases from the current situation. Global mean temperatures may increase by as much as 4°C by the end of next century (IPCC, 2014). Increasing temperature and changes in precipitation are likely to impact species distribution (Bezeng et al., 2017), however, existing investigations paint a mixed picture; plant species may experience an increase or a decrease of their current range (Thomas et al., 2004; Bradley et al., 2010). A study investigating potential changes in the future distribution of a 100 of the world's worst invasive species concluded that potential range of the majority of these species would increase (Bellard et al., 2013). Contrary to this, there is evidence of a range reduction of over 80 invasive species in South Africa under varying climate change scenarios (Bezeng et al., 2017). Similarly, many other ecological modeling studies have reported a possible contraction in suitable habitat of different species (Smale and Wernberg, 2013). There are studies even predicting a complete loss of species' suitable habitat (Midgley et al., 2002; Bomhard et al., 2005; Sarmento Cabral et al., 2013). Detailed studies are thus required to investigate how an existing plant invasion will be modified by changing climatic conditions; it is not likely that all invasive species will benefit from new conditions.

The fact that R. ponticum is an alien invasive species in the area under consideration is an important aspect of this study. Invasion is a dynamic process guided by an inherited set of traits and environmental conditions (Erfmeier and Bruelheide, 2004). One of the ways to build a species distribution model is to use climatic data and occurrence records from the native range of the invasive species under consideration and to project it to the invaded region (Kaplan et al., 2012). However, we argue that this approach may yield a poorly performing model due to the mismatch between key environmental variables between native and invaded regions. This argument is borne out by the notion that invasives are a good example of species with a potential to expand their range beyond the climatic envelope defined in their native range (Rödder and Lötters, 2009). A number of studies have confirmed this idea by concluding that invaded locations cannot necessarily be predicted from native distribution records of invasive species (Fernández and Hamilton, 2015). If the goal is to evaluate range expansion of invasive species then it could be useful to fit the model with data from native range (Araújo and Guisan, 2006), but when building models to predict changes in the invaded area under climate change scenarios, it may be much more useful to use data describing affected location (Jeschke and Strayer, 2008).

Recommendations for Future Studies

Given that 14 out of 19 climatic variables originally considered for this study were excluded due to high correlation with variables chosen for the best performing model, an in-depth analysis of the sensitivity of R. ponticum distribution to the remaining variables may reveal interesting insights. We made use of only six GCMs and two RCPs scenarios for the sake of simplicity, but further studies including more numerous GCMs and RCPs may prove useful for improved prediction of future distribution and a better understanding of the sensitivity of R. ponticum to climate change. In line with the consideration of native vs. invaded climate envelope, further studies should compare model performance based on training on native and invaded climatic envelope range. Distribution models may be improved by the inclusion of high resolution variables derived from remote sensing and lidar (canopy height, cover, vertical distribution ratio etc.), variables such as vegetation density or stand height have been shown to significantly improve SDMs (Yang et al., 2013; Ackers et al., 2015). In this study, the land cover variable is considered as a proxy for the soil properties (Davis et al., 2014). For example, R. ponticum is known to grow under semi-shade on moist, loamy soils. Thus, the land cover types “Forest” “Bog & Mosses” & “Herbaceous cover” can be thought to act as proxy for these soil types while land cover types such as “open fields,” “bare land”, “urban areas,” and “rocks” can be considered the areas where soils types are the least favorable for this species. Results of this study confirm these observations. We however, recommend incorporating soil variables for future studies to further improve the accuracy of the model.

In this study, we projected land cover changes from 2015 to 2050 based on the land cover transition potential between 2005 and 2015. This is a simplistic and frequently adopted, “business-as-usual” approach of land use change modeling, which however may not be realistic. We suggest that the impact of contrasting socio-economic scenarios on likely future land use should be included to achieve a more representative prediction of future distribution.

CONCLUSIONS

This study presents the results of correlative ecological modeling exercise based on an assumption that land cover and climatic variables have a dominant role in current and future distribution of R. ponticum and that the ecological niche for this species remains conserved across time. We show that, contrary to expectation, future distribution range of this species in Snowdonia National Park may decrease as a result of projected climate and land use changes. An extension of this modeling approach to the entire landscape of UK might help to understand the combined effects of these predictor variables to future distribution of R. ponticum across the country.

DATA AVAILABILITY

Rhododendron presence records used in the study can be accessed from COFNOD (http://www.cofnod.org.uk/Home).

AUTHOR CONTRIBUTIONS

SM, GG, and ML conceived the ideas; SM and KI collected the data; SM, GG, ML, and KI analyzed the data; SM, ML, and GG wrote the manuscript.

FUNDING

SM was supported by a Ph.D. studentship from the Commonwealth Scholarship Commission.

ACKNOWLEDGMENTS

We thank CONFOD for providing presence records of Rhododendron ponticum in Snowdonia National Park, Wales, and U.K. We also thank Jamie M. Kass, City College of New York, City University of New York, New York City, Alaaeldin Soultan, MaxPlanck Institute for Ornithology, Germany, Fawad Zafar Ahmad Khan, Chinese Academy of Agricultural Sciences and Luciano Bosso, University of Naples Federico II for their advice in devising methodology of this study.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2018.00664/full#supplementary-material

REFERENCES

 Ackers, S. H., Davis, R. J., Olsen, K. A., and Dugger, K. M. (2015). The evolution of mapping habitat for northern spotted owls (Strix occidentalis caurina): a comparison of photo-interpreted, Landsat-based, and lidar-based habitat maps. Remote Sens. Environ. 156, 361–373. doi: 10.1016/j.rse.2014.09.025

 Akhter, S., McDonald, M. A., van Breugel, P., Sohel, S., Kjærb, E. D., and Mariott, R. (2017). Habitat distribution modelling to identify areas of high conservation value under climate change for Mangifera sylvatica Roxb. of Bangladesh. Land Use Policy 60, 223–232. doi: 10.1016/j.landusepol.2016.10.027

 Alkhamis, M. A., Arruda, A. G., Morrison, R. B., and Perez, A. M. (2017). Novel approaches for spatial and molecular surveillance of Porcine Reproductive and Respiratory Syndrome Virus (PRRSv) in the United States. Sci. Rep. 7:4343. doi: 10.1038/s41598-017-04628-2

 Alves, C., Zenni, R., Ziller, S. R., Almeida, N., and De Passamani, M. (2017). Assessing the risk of invasion of species in the pet trade in Brazil. Perspect. Ecol. Conserv. 16, 38–42. doi: 10.1016/j.pecon.2017.09.005

 Araújo, M. B., and Guisan, A. (2006). Five (or so) challenges for species distribution modelling. J. Biogeogr. 33, 1677–1688. doi: 10.1111/j.1365-2699.2006.01584.x

 Austin, M. P. (2002). Spatial prediction of species distribution: an interface between ecological theory and statistical modelling. Ecol. Modell. 157, 101–118. doi: 10.1016/S0304-3800(02)00205-3

 Bellard, C., Thuiller, W., Leroy, B., Genovesi, P., Bakkenes, M., and Courchamp, F. (2013). Will climate change promote future invasions? Glob. Chang. Biol. 19, 3740–3748. doi: 10.1111/gcb.12344

 Bezeng, B. S., Morales-Castilla, I., Van Der Bank, M., Yessoufou, K., Daru, B. H., and Davies, T. J. (2017). Climate change may reduce the spread of non-native species. Ecosphere 8:e01694. doi: 10.1002/ecs2.1694

 Bomhard, B., Richardson, D. M., Donaldson, J. S., Hughes, G. O., Midgley, G. F., Raimondo, D. C., et al. (2005). Potential impacts of future land use and climate change on the red list status of the proteaceae in the Cape Floristic Region, South Africa. Glob. Chang. Biol. 11, 1452–1468. doi: 10.1111/j.1365-2486.2005.00997.x

 Bosso, L., Luchi, N., Maresi, G., Cristinzio, G., Smeraldo, S., and Russo, D. (2017). Predicting current and future disease outbreaks of Diplodia sapinea shoot blight in Italy: species distribution models as a tool for forest management planning. For. Ecol. Manage. 400, 655–664. doi: 10.1016/j.foreco.2017.06.044

 Boyce, M. S., Vernier, P. R., Nielsen, S. E., and Schmiegelow, F. K. A. (2002). Evaluating resource selection functions. Ecol. Modell. 157, 281–300. doi: 10.1016/S0304-3800(02)00200-4

 Bradley, B. A., Wilcove, D. S., and Oppenheimer, M. (2010). Climate change increases risk of plant invasion in the Eastern United States. Biol. Invasions 12, 1855–1872. doi: 10.1007/s10530-009-9597-y

 Breiner, F. T., Guisan, A., Bergamini, A., and Nobis, M. P. (2015). Overcoming limitations of modelling rare species by using ensembles of small models. Methods Ecol. Evol. 6, 1210–1218. doi: 10.1111/2041-210X.12403

 Chapin, F. S. III., Zavaleta, E. S., Eviner, V. T., Naylor, R. L., Vitousek, P. M., Reynolds, H. L., et al. (2000). Consequences of changing biodiversity. Nature 405, 234–242. doi: 10.1038/35012241

 Charbonnel, A., Laffaille, P., Biffi, M., Blanc, F., Maire, A., Némoz, M., et al. (2016). Can recent global changes explain the dramatic range contraction of an endangered semi-aquatic mammal species in the French pyrenees? PLoS ONE 11:e0159941. doi: 10.1371/journal.pone.0159941

 Christiaens, A., Lootens, P., Roldán-Ruiz, I., Pauwels, E., Gobin, B., and Van Labeke, M. C. (2014). Determining the minimum daily light integral for forcing of azalea (Rhododendron simsii). Sci. Hortic. 177, 1–9. doi: 10.1016/j.scienta.2014.07.028

 Cross, J. R. (1981). The establishment of Rhododendron ponticum in the killarney oakwoods, S. W. Ireland. J. Ecol. 69, 807–824. doi: 10.2307/2259638

 Dadhich, P. N., and Hanaoka, S. (2010). “Markov method integration with multi-layer perceptron classifier for simulation of urban growth of Jaipur City,” in 6th Wseas International Conference on Remote Sensing (Takizawa: Iwate Prefectural University), 118–123.

 Dale, V. H. (2017). The relationship between land-use change and climate change. Ecol. Soc. Am. 7, 753–769. doi: 10.1890/1051-0761(1997)007[0753:TRBLUC]2.0.CO;2

 Davis, H. T., Aelion, C. M., Lawson, A. B., Cai, B., and McDermott, S. (2014). Associations between land cover categories, soil concentrations of arsenic, lead and barium, and population race/ethnicity and socioeconomic status. Sci. Total Environ. 490, 1051–1056. doi: 10.1016/j.scitotenv.2014.05.076

 de Chazal, J., and Rounsevell, M. D. A. (2009). Land-use and climate change within assessments of biodiversity change: a review. Glob. Environ. Chang. 19, 306–315. doi: 10.1016/j.gloenvcha.2008.09.007

 Decker, K. L., Allen, C. R., Acosta, L., Hellman, M. L., Jorgensen, C. F., Stutzman, R. J., et al. (2012). Land use, landscapes, and biological invasions. Invasive Plant Sci. Manag. 5, 108–116. doi: 10.1614/IPSM-D-11-00007.1

 Dehnen-Schmutz, K., Perrings, C., and Williamson, M. (2004). Controlling Rhododendron ponticum in British Isles: an economic analysis. J. Environ. Manage. 70, 323–332. doi: 10.1016/j.jenvman.2003.12.009

 Dehnen-Schmutz, K., and Williamson, M. (2006). Rhododendron ponticum in Britain and Ireland: social, economic and ecological factors in its successful invasion. Environ. Hist. Camb. 12, 325–350. doi: 10.3197/096734006778226355

 Die, J. V., Arora, R., and Rowland, L. J. (2017). Proteome dynamics of cold-acclimating Rhododendron species contrasting in their freezing tolerance and thermonasty behavior. PLoS ONE 12:e0177389. doi: 10.1371/journal.pone.0177389

 Eastman, J. R. (2006). Guide to GIS and Image Processing. Worcester, MA: Clark University.

 Ehrenfeld, J. G. (2003). Effects of exotic plant invasions on soil nutrient cycling processes. Ecosystems 6, 503–523. doi: 10.1007/s10021-002-0151-3

 Elith, J., Graham, C. H., Anderson, R. P., Dudik, M., Ferrier, S., Guisan, A., et al. (2006). Novel methods improve prediction of species' distributions from occurrence data. Ecography 29, 129–151. doi: 10.1111/j.2006.0906-7590.04596.x

 Elith, J., Phillips, S. J., Hastie, T., Dudík, M., Chee, Y. E., and Yates, C. J. (2011). A statistical explanation of MaxEnt for ecologists. Divers. Distrib. 17, 43–57. doi: 10.1111/j.1472-4642.2010.00725.x

 Erfmeier, A., and Bruelheide, H. (2004). Comparison of native and invasive Rhododendron ponticum populations: growth, reproduction and morphology under field conditions. Flora Morphol. Distrib. Funct. Ecol. Plants 199, 120–133. doi: 10.1078/0367-2530-00141

 Erfmeier, A., Tsaliki, M., Roß, C. A., and Bruelheide, H. (2011). Genetic and phenotypic differentiation between invasive and native Rhododendron (Ericaceae) taxa and the role of hybridization. Ecol. Evol. 1, 392–407. doi: 10.1002/ece3.38

 Eşen, D., Zedaker, S. M., Kirwan, J. L., and Mou, P. (2004). Soil and site factors influencing purple-flowered rhododendron (Rhododendron ponticum L.) and eastern beech forests (Fagus orientalis Lipsky) in Turkey. For. Ecol. Manage. 203, 229–240. doi: 10.1016/j.foreco.2004.07.052

 Fernández, M., and Hamilton, H. (2015). Ecological niche transferability using invasive species as a case study. PLoS ONE 10:e0119891. doi: 10.1371/journal.pone.0119891

 Francon, L., Corona, C., Roussel, E., Lopez Saez, J., and Stoffel, M. (2017). Warm summers and moderate winter precipitation boost Rhododendron ferrugineum L. growth in the Taillefer massif (French Alps). Sci. Total Environ. 586, 1020–1031. doi: 10.1016/j.scitotenv.2017.02.083

 Graham, M. H. (2003). Confronting multicollinearity in ecological multiple regression. Ecol. Soc. Am. 84, 2809–2815. doi: 10.1890/02-3114

 Guo, Y., Li, X., Zhao, Z., Wei, H., Gao, B., and Gu, W. (2017). Prediction of the potential geographic distribution of the ectomycorrhizal mushroom Tricholoma matsutake under multiple climate change scenarios. Sci. Rep. 7:46221. doi: 10.1038/srep46221

 Gurevitch, J., and Padilla, D. K. (2004). Are invasive species a major cause of extinctions? Trends Ecol. Evol. 19, 470–474. doi: 10.1016/j.tree.2004.07.005

 Hailu, B. T., Silijander, M., Maeda, E. E., and Pellikka, P. (2017). Assessing spatial distribution of Coffea arabica L. in Ethiopia's highlands using species distribution models and geospatial analysis methods. Ecol. Inform. 42, 79–89. doi: 10.1016/j.ecoinf.2017.10.001

 Harris, C. M., Stanford, H. L., Edwards, C., Travis, J. M. J., and Park, K. J. (2011). Integrating demographic data and a mechanistic dispersal model to predict invasion spread of Rhododendron ponticum in different habitats. Ecol. Inform. 6, 187–195. doi: 10.1016/j.ecoinf.2011.03.004

 Hijmans, R. J., Cameron, S. E., Parra, J. L., Jones, P. G., and Jarvis, A. (2005). Very high resolution interpolated climate surfaces for global land areas. Int. J. Climatol. 25, 1965–1978. doi: 10.1002/joc.1276

 Hirzel, A. H., Le Lay, G., Helfer, V., Randin, C., and Guisan, A. (2006). Evaluating the ability of habitat suitability models to predict species presences. Ecol. Modell. 199, 142–152. doi: 10.1016/j.ecolmodel.2006.05.017

 IPCC (2013). Climate Change 2013: The Physical Science Basis. Contribution of Working Group I to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change. Intergov. Panel Clim. Chang. Work. Gr. I Contrib. to IPCC Fifth Assess. Rep. (AR5). New York, NY: Cambridge University Press.

 IPCC (2014). Climate Change 2014: Impacts, Adaptation, and Vulnerability. Summaries, Frequently Asked Questions, and Cross-Chapter Boxes.

 Jackson, P. (2008). Rhododendron in Snowdonia and a Strategy for Its Control. Snowdownia National Park Authority.

 Jeschke, J. M., and Strayer, D. L. (2008). Usefulness of bioclimatic models for studying climate change and invasive species. Ann. N.Y. Acad. Sci. 1134, 1–24. doi: 10.1196/annals.1439.002

 Kang, W., Minor, E. S., Lee, D., and Park, C. R. (2016). Predicting impacts of climate change on habitat connectivity of Kalopanax septemlobus in South Korea. Acta Oecol. 71, 31–38. doi: 10.1016/j.actao.2016.01.005

 Kaplan, H., Van Zyl, H. W. F., Le Roux, J. J., Richardson, D. M., and Wilson, J. R. U. (2012). Distribution and management of Acacia implexa (Benth.) in South Africa: a suitable target for eradication? South Afr. J. Bot. 83, 23–35. doi: 10.1016/j.sajb.2012.07.016

 Khadka, K. K., and James, D. A. (2017). Modeling and mapping the current and future climatic-niche of endangered Himalayan musk deer. Ecol. Inform. 40, 1–7. doi: 10.1016/j.ecoinf.2017.04.009

 Khanum, R., Mumtaz, A. S., and Kumar, S. (2013). Predicting impacts of climate change on medicinal asclepiads of Pakistan using Maxent modeling. Acta Oecol. 49, 23–31. doi: 10.1016/j.actao.2013.02.007

 Manchester, S. J., and Bullock, J. M. (2000). The impacts of non-native species on UK biodiversity and the effectiveness of control. J. Appl. Ecol. 37, 845–864. doi: 10.1046/j.1365-2664.2000.00538.x

 Marino, J., Bennett, M., Cossios, D., Iriarte, A., Lucherini, M., Pliscoff, P., et al. (2011). Bioclimatic constraints to Andean cat distribution: a modelling application for rare species. Divers. Distrib. 17, 311–322. doi: 10.1111/j.1472-4642.2011.00744.x

 Merow, C., Smith, M. J., and Silander, J. A. (2013). A practical guide to MaxEnt for modeling species' distributions: what it does, and why inputs and settings matter. Ecography 36, 1058–1069. doi: 10.1111/j.1600-0587.2013.07872.x

 Midgley, G. F., Hannah, L., Millar, D., Rutherford, M. C., and Powrie, L. W. (2002). Assessing the vulnerability of species richness to anthropogenic climate change in a biodiversity hotspot. Glob. Ecol. Biogeogr. 11, 445–451. doi: 10.1046/j.1466-822X.2002.00307.x

 Moreno-Amat, E., Mateo, R. G., Nieto-Lugilde, D., Morueta-Holme, N., Svenning, J. C., and Garcia-Amorena, I. (2015). Impact of model complexity on cross-temporal transferability in Maxent species distribution models: an assessment using paleobotanical data. Ecol. Modell. 312, 308–317. doi: 10.1016/j.ecolmodel.2015.05.035

 Muscarella, R., Galante, P. J., Soley-Guardia, M., Boria, R. A., Kass, J. M., Uriarte, M., et al. (2014). ENMeval: An R package for conducting spatially independent evaluations and estimating optimal model complexity for ecological niche models. Methods Ecol. Evol. 5, 1198–1205. doi: 10.1111/2041-210X.12261

 Ozturk, D. (2015). Urban growth simulation of Atakum (Samsun, Turkey) using cellular automata-Markov chain and Multi-layer Perceptron-Markov chain models. Remote Sens 7, 5918–5950. doi: 10.3390/rs70505918

 Padalia, H., and Bahuguna, U. (2017). Spatial modelling of congruence of native biodiversity and potential hotspots of forest invasive species (FIS) in central Indian landscape. J. Nat. Conserv. 36, 29–37. doi: 10.1016/j.jnc.2017.02.001

 Peterson, A. T., Stewart, A., Mohamed, K. I., and Araújo, M. B. (2008). Shifting global invasive potential of European plants with climate change. PLoS ONE 3:e0002441. doi: 10.1371/journal.pone.0002441

 Phillips, S. B., Aneja, V. P., Kang, D., and Arya, S. P. (2006). Modelling and analysis of the atmospheric nitrogen deposition in North Carolina. Int. J. Glob. Environ. Issues 6, 231–252. doi: 10.1504/IJGENVI.2006.010156

 Phillips, S. J., Dudik, M., and Schapire, R. E. (2004). “A maximum entropy approach to species distribution modeling,” in Proceedings of the Twenty-First International Conference on Machine Learning (Banff, AB), 655–662.

 Pimentel, D., Zuniga, R., and Morrison, D. (2005). Update on the environmental and economic costs associated with alien-invasive species in the United States. Ecol. Econ. 52, 273–288. doi: 10.1016/j.ecolecon.2004.10.002

 Powell, K. I., Chase, J. M., and Knight, T. (2013). Invasive plants have scale-dependent effects on diversity by altering species-area relationships. Science 339, 316–318. doi: 10.1126/science.1226817

 Qin, A., Liu, B., Guo, Q., Bussmann, R. W., Ma, F., Jian, Z., et al. (2017). Maxent modeling for predicting impacts of climate change on the potential distribution of Thuja sutchuenensis Franch., an extremely endangered conifer from southwestern China. Glob. Ecol. Conserv. 10, 139–146. doi: 10.1016/j.gecco.2017.02.004

 Ramírez-Albores, J. E., Bustamante, R. O., and Badano, E. I. (2016). Improved predictions of the geographic distribution of invasive plants using climatic niche models. PLoS ONE 11:e0156029. doi: 10.1371/journal.pone.0156029

 Rebelo, H., and Jones, G. (2010). Ground validation of presence-only modelling with rare species: a case study on barbastelles Barbastella barbastellus (Chiroptera: Vespertilionidae). J. Appl. Ecol. 47, 410–420. doi: 10.1111/j.1365-2664.2009.01765.x

 Snowdonia Rhododendron Partnership (2015). “The Ecosystem Benefits of managing the invasive non–native plant Rhododendron ponticum,” in Snowdonia Snowdonia Rhododendron Partnership 2015 Rhododendron (Snowdonia).

 Rödder, D., and Lötters, S. (2009). Niche shift versus niche conservatism? Climatic characteristics of the native and invasive ranges of the Mediterranean house gecko (Hemidactylus turcicus). Glob. Ecol. Biogeogr. 18, 674–687. doi: 10.1111/j.1466-8238.2009.00477.x

 Bradshaw, C. J., Leroy, B., Bellard, C., Roiz, D., Albert, C., and Fournier, A. (2016). Massive yet grossly underestimated global costs of invasive insects. Nat. Commun. 7:12986. doi: 10.1038/ncomms12986

 Sarmento Cabral, J., Jeltsch, F., Thuiller, W., Higgins, S., Midgley, G. F., Rebelo, A. G., et al. (2013). Impacts of past habitat loss and future climate change on the range dynamics of South African Proteaceae. Divers. Distrib. 19, 363–376. doi: 10.1111/ddi.12011

 Smale, D. A., and Wernberg, T. (2013). Extreme climatic event drives range contraction of a habitat-forming species. Proc. R. Soc. B Biol. Sci. 280:20122829. doi: 10.1098/rspb.2012.2829

 Stephenson, C. M., MacKenzie, M. L., Edwards, C., and Travis, J. M. J. (2006). Modelling establishment probabilities of an exotic plant, Rhododendron ponticum, invading a heterogeneous, woodland landscape using logistic regression with spatial autocorrelation. Ecol. Modell. 193, 747–758. doi: 10.1016/j.ecolmodel.2005.09.007

 Swets, J. A. (1988). Measuring the accuracy of diagnostic systems. Science 240, 1285–1293. doi: 10.1126/science.3287615

 Syfert, M. M., Smith, M. J., and Coomes, D. A. (2013). The effects of sampling bias and model complexity on the predictive performance of MaxEnt species distribution models. PLoS ONE 8:e5001f5. doi: 10.1371/annotation/35be5dff-7709-4029-8cfa-f1357e5001f5

 Taylor, S., Kumar, L., Reid, N., and Kriticos, D. J. (2012). Climate change and the potential distribution of an invasive shrub, Lantana camara L. PLoS ONE 7:e0035565. doi: 10.1371/journal.pone.0035565

 Taylor, S. L., Hill, R. A., and Edwards, C. (2013). Characterising invasive non-native Rhododendron ponticum spectra signatures with spectroradiometry in the laboratory and field: potential for remote mapping. ISPRS J. Photogramm. Remote Sens. 81, 70–81. doi: 10.1016/j.isprsjprs.2013.04.003

 Thomas, C. D., Thomas, C. D., Cameron, A., Cameron, A., Green, R. E., Green, R. E., et al. (2004). Extinction risk from climate change. Nature 427, 145–148. doi: 10.1038/nature02121

 Tiedeken, E. J., and Stout, J. C. (2015). Insect-flower interaction network structure is resilient to a temporary pulse of floral resources from invasive Rhododendron ponticum. PLoS ONE 10:e0119733. doi: 10.1371/journal.pone.0119733

 Trivedi, M. R., Berry, P. M., Morecroft, M. D., and Dawson, T. P. (2008). Spatial scale affects bioclimate model projections of climate change impacts on mountain plants. Glob. Chang. Biol. 14, 1089–1103. doi: 10.1111/j.1365-2486.2008.01553.x

 Veloz, S. D. (2009). Spatially autocorrelated sampling falsely inflates measures of accuracy for presence-only niche models. J. Biogeogr. 36, 2290–2299. doi: 10.1111/j.1365-2699.2009.02174.x

 Warren, D. L., and Seifert, S. N. (2011). Ecological niche modeling in Maxent : the importance of model complexity and the performance of model selection criteria. Ecol. Appl. 21, 335–342. doi: 10.1890/10-1171.1

 West, A. M., Kumar, S., Brown, C. S., Stohlgren, T. J., and Bromberg, J. (2016). Field validation of an invasive species Maxent model. Ecol. Inform. 36, 126–134. doi: 10.1016/j.ecoinf.2016.11.001

 Yang, X. Q., Kushwaha, S. P. S., Saran, S., Xu, J., and Roy, P. S. (2013). Maxent modeling for predicting the potential distribution of medicinal plant, Justicia adhatoda L. in Lesser Himalayan foothills. Ecol. Eng. 51, 83–87. doi: 10.1016/j.ecoleng.2012.12.004

 Ye, X., Yu, X., Yu, C., Tayibazhaer, A., Xu, F., Skidmore, A. K., et al. (2018). Impacts of future climate and land cover changes on threatened mammals in the semi-arid Chinese Altai Mountains. Sci. Total Environ. 612, 775–787. doi: 10.1016/j.scitotenv.2017.08.191

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Manzoor, Griffiths, Iizuka and Lukac. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpls-09-00664-t002.jpg
Variable

Land cover

Alitude

Percent contribution

433
215
155
9.4
44
3.4
16
09
03





OPS/images/fpls-09-00664-t003.jpg
Class Land use class
D

1 Cropland

2 Herbaceous cover

3 Mosaic cropland

4 Mosaic natural vegetation

5 Broadleaved Deciduous Trees
6 Needleleaved Evergreen Trees
7 Needleleaved Deciduous Trees
8 Mosaic tree and shrub

9 Mosaic herbaceous cover

10 Grassiand

11 Sparse vegetation

12 Shrub or herbaceous cover
13 Urbanareas

14 Baeareas

15 Unconsolidated bare areas

16 Water bodies

05586
372
819
608

1961

22964

03724

141.44

627.55

930,37

85.15

25.75
285
10.42
155

3227

05586
49
8.19
608
12.58
223.62
03724
147.84
637.98
925.28
85.15
2594
2585
1042
155
3227

2015 (km?) 2050 (km?) Change (%)

+287

-36.1

262

+4.52

+1.66

—054

+0.73

ooo





OPS/images/fpls-09-00664-g003.gif





OPS/images/fpls-09-00664-t001.jpg
Code

BIO 1
BlO2

BIO3
BI04
BIOS
BI06
BIO7
BI08
BIO9
BIO 10
B0 11
BIO 12
B0 13
BIO 14
BIO 15
BIO 16
B0 17
B0 18
BIO 19
Altitude
Aspect
Slope
Land cover

Predictor variable

Annual mean temperature.
Mean diurnal range [monthly (max temp - min
temp)]

Isothermality (B102/BI07)* 100

Temperature seasonality (standard deviation *100)
Max temperature of warmest month

Min temperature of coldest mont

Temperature annual range (BIO5-BIOG)

Mean temperature of wettest quarter

Mean temperature of driest quarter

Mean temperature of warmest quarter

Mean temperature of coldest quarter

Annual precipitation

Precipitation of wettest month

Precipitation of driest month

Precipitation seasonality (coefficient of variation)
Precipitation of wettest quarter

tation of driest quarter

fation of warmest quarter

Preci
Preci
Precipitation of coldest quarter
Altitude

Aspect
Slope
Land cover

Unit

°c
°c

Cotv





OPS/images/fpls-09-00664-t004.jpg
GCM's

BCC-CSM1-1
cesM4
GISS-E2-R
HadGEM2-ES
MIROCS.
MPI-ESM-LR

RCP 4.5 (%)

-30.23
-10.73
~35.67
-8.39
-3.45
-4013

RCP 8.5 (%)

-3184
-19.13
—4407

-7.97
—1291
-46.78





OPS/images/fpls-09-00664-g001.gif





OPS/images/fpls-09-00664-g002.gif





OPS/images/cover.jpg
’ frontiers
in Plant Science

Land Cover and Climate Change May
Limit Invasiveness of Rhododendron
ponticum in Wales









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Plant Science





