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Abstract

:

Despite global recognition of the social, economic and ecological impacts of deforestation, the world is losing forests at an alarming rate. Global and regional efforts by policymakers and donors to reduce deforestation need science-driven information on where forest loss is happening, and where it may happen in the future. We used spatially-explicit globally-consistent variables and global historical tree cover and loss to analyze how global- and regional-scale variables contributed to historical tree cover loss and to model future risks of tree cover loss, based on a business-as-usual scenario. Our results show that (1) some biomes have higher risk of tree cover loss than others; (2) variables related to tree cover loss at the global scale differ from those at the regional scale; and (3) variables related to tree cover loss vary by continent. By mapping both tree cover loss risk and potential future tree cover loss, we aim to provide decision makers and donors with multiple outputs to improve targeting of forest conservation investments. By making the outputs readily accessible, we anticipate they will be used in other modeling analyses, conservation planning exercises, and prioritization activities aimed at conserving forests to meet national and global climate mitigation targets and biodiversity goals.
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1. Introduction


Global deforestation represents a significant threat to human wellbeing, biodiversity conservation, and the provision of ecosystem services. The clearing of forests causes biodiversity loss [1], impacts approximately 1.6 billion people who depend on forests for timber, firewood, medicines and other products [2], affects the sedimentation of rivers and dams [3],and is a major source of greenhouse gas (GHG) emissions [4,5,6]. Yet the world continues to lose its forest at an alarming rate. From 1990–2015, the global forest area declined 3%, representing a loss of 129 M hectares [7], and this continues in many regions [5,6,7].



Policymakers, donors and conservation practitioners are increasingly aware of the need to reduce deforestation and are spearheading coordinated global, regional, and national efforts to significantly reduce forest loss. At the global level, ongoing efforts to reduce deforestation include: (1) REDD+ (a global mechanism under the UNFCCC to reduce emissions from deforestation and degradation plus the enhancement of forest carbon stocks, sustainable management of forests, and conservation of forest carbon stocks); (2) the Aichi Targets under the Convention on Biological Diversity (specifically Target 5—to halve forest loss and, where feasible, bring the rate to zero); (3) the New York Declaration on Forests with the goal of halving the rate of natural forest loss by 2020 and ending natural forest loss by 2030; and (4) the United Nations’ Sustainable Development Goals (SDGs), that aim to achieve sustainable development through a set of global goals and targets while protecting forests and combating climate change. Examples of actions to reduce forest loss at the regional and national level include the Tropical Forest Alliance 2020 [8], the Central African Forest Initiative, the Congo Basin Forest Fund [9], and the Amazon Fund in Brazil [10], among others.



To reduce deforestation at regional and global scales, policymakers and donors need scientifically-robust information on global and regional scale deforestation patterns to make strategic decisions about where to invest their limited resources and implement the most effective conservation measures. In particular, policymakers and donors need spatially-explicit, consistent information on where historical tree cover loss has occurred and projections of areas at highest risk of tree cover loss in the future [11] to identify where action is most urgently needed.



While spatially-explicit global assessments of historical deforestation and tree cover loss and associated GHG emissions (e.g., [12,13,14,15] are now routinely available, and potential deforestation trajectories at the national and sub-national scale have been generated for many areas [16,17,18,19], globally-consistent projections of potential future tree cover loss have proved more limited due to the lack of globally-consistent forest monitoring data [20,21]. Additionally, the few global analyses of future deforestation that exist (e.g., [22]) have been derived from coarse spatial scale data (greater than 5 km resolution), a scale which is too coarse for decision-making.



To help inform decision-making on forest conservation, we have generated the first robust, 1 km resolution spatially-consistent maps of tree cover loss risk based on variables related to historical tree cover loss, as well as maps of future potential tree cover loss under a business-as-usual (BAU) scenario. We have generated these maps at both the global and regional scales using a standardized methodology by combining a series of spatially-explicit variables with globally-consistent data on historical tree cover and tree cover loss. We have made these data freely available (http://futureclimates.conservation.org) and anticipate that the outputs will help inform the creation of effective conservation and development policies at both regional and global scales, especially policies designed to meet the UN’s SDG 15 (protecting terrestrial ecosystems) and SDG 13 (combating climate change and its impacts). We also anticipate our results will inform conservation priority setting activities and broad-scale protected area planning, facilitate the improved targeting of forest conservation investments, and aid in the design of policies, strategies, and programs to improve biodiversity conservation and climate change mitigation outcomes.




2. Materials and Methods


We used a suite of spatially-explicit global variables related to historical tree cover loss and an empirical modeling technique (the multi-layer perceptron neural network [23,24]) to combine the covariates of the variables with observed historical tree cover and tree cover loss data from 2000 to 2014 and assess the contribution of each variable to historical tree cover loss. This process yields transition potential surfaces that capture the potential of each pixel to transition from its current state. We then used the relationship between the variables and historical tree cover loss, captured in the transition potential surfaces, to generate 15-year projections of potential future tree cover loss for 2014–2029 under a BAU scenario.



2.1. Tree Cover Extent and Tree Cover Loss Data


We used a 30 m global map of percent tree cover in 2000 from [12] as the basis for this study and defined tree cover extent using a canopy cover threshold of 10% or more, following the FAO canopy cover definition for forest [25]. We aggregated the 30 m map of tree cover in 2000 to a 1 km map of tree cover to match the spatial resolution of many of the global variable data sources used in the study. We calculated the average percent tree cover of all 30 m pixels within each 1 km pixel, and then selected all 1 km pixels with 10% or more tree cover.



We defined tree cover loss as any change below the 10% threshold of tree cover. We used the 30 m global forest cover loss data for 2000–2014 from [12] and aggregated all loss from 2001–2014 to 1 km to create a map of tree cover loss from 2001–2014. Ref. [12] define loss as a “stand-replacement disturbance or the complete removal of tree canopy cover at the Landsat pixel”. We subtracted this loss map from the 1 km tree cover extent map for 2000 to create a tree cover extent and tree cover loss map for 2014 (Figure S1).




2.2. Variables Related to Forset Loss


We explored a wide range of 25 potential variables related to tree cover loss (Table 1) to fully capture the suite of variables that had been included in similar studies of deforestation at regional and national scales (e.g., [18,26,27]). The variables captured: (1) a variety of biophysical characteristics; (2) forest accessibility (based on distance to railroads, roads, trails, and airports); and (3) agricultural opportunity costs (distance to markets, economic rents for croplands, etc.). The variables included both quantitative variables (such as elevation and distance to roads) and qualitative variables (such as biomes and soil drainage). Quantitative variables were continuous and were included in the model directly without any transformation. Qualitative variables were categorical and were converted to normalized likelihoods prior to inclusion in the model. The normalized likelihood (NL) of a qualitative variable was calculated as:


NL=p(b|C)p(b|C)+p(b|P)








where p(b|C) is the probability of change, i.e., tree cover loss, in a particularly class, or bin, and p(b|P) is the probability of persistence, i.e., tree cover persistence, in a particular class, or bin. Each NL was derived by calculating the proportion of pixels occurring within that class relative to the total size of the training sample for change or persistence.




2.3. Model Development and Projections


We generated one global model and six regional-scale models of tree cover loss. We calibrated each model based on observed historical tree cover loss and the covariates of the variables, and generated a transition potential surface for each model. The transition potential surface identifies the potential of each pixel to transition from its current state, in this study from tree cover to non-tree cover, thus highlighting areas of highest risk of tree cover loss; the transition potential surface provides the basis for identifying those pixels with the highest likelihood to change, or potential to transition. We used the transition potential surfaces as the basis to generate 15-year projections of potential future tree cover loss for 2014–2029 under a BAU scenario based on the historical deforestation rate (Figure 1). For both the global and regional scales of the analysis, we assessed the relationship between each of the 25 variables and the historical change (areas of tree cover loss between 2000 and 2014) and persistence (areas that remain under tree cover in 2014). We then selected the subset of variables that produced the highest model accuracy at each scale. We implemented all analyses at 1 km spatial resolution, reflecting the resolution of most of the variables and available computing capacity.



We tested the quantitative and qualitative variables, for both the global and regional analyses, against each other using regression and principal component analysis (PCA) to identify spatial autocorrelation, and assess explanatory power in predicting tree cover loss. The spatial autocorrelation tests eliminated three variables at the global scale: distance to airports, world population, and soil depth. We fed the remaining 22 variables in a multi-layer perceptron (MLP) neural network model [23,24] in the Land Change Modeler (LCM) in TerrSet software [28]. We selected the MLP because the MLP algorithm is less sensitive than other methods (such as logistical regression) to collinearity among independent variables and non-normal distributions [28]. MLP uses known areas of change, i.e., areas of historical tree cover loss, as training data to develop possible relationships between the input explanatory variables (e.g., distance to roads, slope, economic rent of croplands) and activation levels of the output nodes of the network [28]. MLP then uses additional known areas of change and persistence, or validation pixels, to validate the model. We used 25,000 pixels to train the model and 25,000 pixels to validate the model. MLP then calculates the expected model accuracy, and performs further validation and assessment of the resulting model through skill statistics for both change and persistence. Details of the equations are provided in the Appendix A. The skill statistic varies from −1 to +1; it is similar to the Heidke Skill Score and represents the skill score relative to a random forecast [29]. A skill of 0 means the model is doing better than chance, a skill of +1.0 indicates perfect prediction, and a negative skill indicates that the model is doing worse than by chance. Recognizing that the original variable datasets inherently contain errors, the MLP provides information regarding the importance of each variable in the development process and a skill score for the training process (which includes a subsample from each of the datasets). The MLP output also provides various statistics about the learning process. The statistics include the accuracy and skill with which the model predicted whether the validation pixels would remain tree cover, or change, resulting in tree cover loss. Among these are a set of sensitivity analyses performed to better understand the underlying structure of the model and the importance of each of the variables. Having fully trained the model using all variables, the MLP procedure performs these additional analyses, or tests. The first test evaluates the importance of each variable in the model by forcing a single variable to be constant and generating results using all other combinations (Table S1). A second sensitivity test, or evaluation, holds all variables except one constant; this test highlights interactions that exist among variables (Table S2). Lastly, a backwards elimination stepwise is performed to assess the impact of each variable on the overall accuracy of the model (Table S3). Beginning with the least influential variable in the model’s accuracy and skill, the next least influential variable is added, and additional variables sequentially added until only one variable, the most influential remains. This process informs the model development as it identifies those variables that did not significantly improve the overall accuracy of the model and can be permanently excluded [30,31]. The above sensitivity tests provide valuable information that the MLP use to generate the most parsimonious model. A parsimonious model aims to decrease complexity, improve efficiency, and reduce the likelihood of overfitting the model [29].



The global model results included a rank-ordered list of variables, based on their relative importance, and the final global model selected a subset based on this list to generate the global transition potential surface. The final global model in this study yielded a skill statistic of 0.61. We then used the final global model to generate a projection of potential future tree cover loss for 2029. In the projection process, the transition potential surface provides the basis for identifying those pixels with the highest preference to change, or potential to transition. We applied the historical global forest cover loss rate, derived from the [12] global forest cover loss data for 2000-2014, to the tree cover extent map in 2014, and assumed a BAU scenario. The historical global forest cover change rate, used for the BAU scenario, was calculated as 4.1%.



We repeated the modeling process for each of the six regions: Africa, Australia, Asia, Europe, North America, and South America (Figure S2), generating an independent MLP run for each region, and yielding six regional model results. The final regional models yielded skill statistics of 0.72, 0.59, 0.64, 0.53, 0.56, 0.83 for Africa, Australia, Asia, Europe, North America, and South America respectively. We then generated projections of potential future tree cover loss for 2029 for each of the regions, assuming a BAU scenario. We did this by applying the annual historical forest cover loss rates, derived from [12] to the tree cover extent map in 2014; the transition potential surfaces identified those pixels with the highest preference to change from tree to non-tree cover. The historical forest cover loss rates were 0.052 for Africa, 0.051 for Asia, 0.069 per year for Australia, 0.014 per year for Europe, 0.050 for North America, and 0.045 for South America.





3. Results


3.1. Explanatory Variables


The final global model included 15 variables that were significant in explaining tree cover loss. Table 2 lists the variables based on relative importance. The most important variables included precipitation, mean temperature, and crop suitability.



While the regional model results all included elevation, slope, aboveground biomass, crop suitability, mean temperature, precipitation, ecoregions and, at least one soil variable, regional differences were apparent (Table S4). For example, there were differences in the distance variables selected by the models, with distance to airports included in five of the models, but not in the model for Australia; distance to urban areas included in all models except Africa; and distance to roads included in four models, but not Asia or Africa. The model for South America did not include the human influence index, countries, or irrigation area—these three variables were present in the other regional models. Opportunity cost was only included in the models for South America and Europe; protected areas were an important variable in four of the models but not Asia or North America; and population in 2000 was only included in the models for Africa, Asia, and Europe.




3.2. Transition Potential Surface


The global analysis revealed several major regions of high transition potential for tree cover loss in different biomes (Figure 2a). These included: (1) large areas of the boreal forest and taiga biome in Alaska, western Canada, and the eastern extents of Russia; (2) the temperate coniferous forests of the southeast United States; (3) the tropical and subtropical dry broadleaf forests in Mexico’s Yucatan Peninsula; (4) large swaths of the tropical and subtropical grasslands, savannas, and shrublands biome in South America, especially in Paraguay, Northern Argentina, and parts of Brazil; (5) large swaths of the subtropical grasslands, savannas, and shrublands biome in southern Sudan and Mozambique; and (6) the tropical and subtropical moist broadleaf forests in Sumatra, Indonesia. Four areas with a lower transition potential for tree cover loss were also revealed including: (1) the temperate broadleaf and mixed forest biome of the eastern United States and southeast Canada; (2) large swaths of the Amazon basin within the tropical and subtropical moist broadleaf forests biome of Brazil, Colombia, Peru, Suriname, and French Guiana; (3) areas of the tropical and subtropical moist broadleaf forests biome in the Congo Basin concentrated in the Democratic Republic of the Congo, the Republic of Congo, Gabon, and Cameroon; and (4) the tropical and subtropical moist broadleaf forests of New Guinea.



The transition potential surfaces generated for each of the six regions showed distinct patterns (Figure 2b). Most notably, the transition potential surface for North American illustrated a high transition potential in much of the boreal forest and taiga biome of northern Canada, interior Alaska, and central and eastern Russia. The transition potential surface for South America illustrated a high transition potential in areas of the tropical and subtropical grasslands, savannas, and shrublands biome in Brazil, Argentina, and Paraguay. Asia showed a high transition potential, particularly for Sumatra, in the tropical and subtropical moist broadleaf forests, but a low transition potential for the tropical and subtropical moist broadleaf forests in interior east and west Kalimantan. Other areas of low transition potential at the regional-level included: the boreal forest and taiga biome of western Russia, the temperate broadleaf and mixed forest biome of the eastern United States and southeast Canada, and much of the tropical and subtropical grasslands, savannas, and shrublands biome and tropical and subtropical moist broadleaf forests biome of the Congo Basin.



The global and regional results also revealed several areas of agreement in terms of a high risk of tree loss at both scales (Figure 3). These included: (1) the boreal forest and taiga regions of north central Canada, interior Alaska, and eastern Russia; (2) the tropical and subtropical grasslands, savannas, and shrublands of South America, covering northern Argentina, north western Paraguay, southeast Bolivia, and eastern Brazil; (3) the tropical and subtropical grasslands, savannas, and shrublands in parts of western and southeast Africa; and (4) the tropical and subtropical dry and moist broadleaf forests of southeast Asia including Sri Lanka, Cambodia, and parts of Indonesia. Differences also existed in the results across the two scales where, for example, either the global model or regional model produced a high transition potential and the other generated a low transition potential or vice versa. These included: (1) the boreal forest and taiga regions of north eastern and western Canada as well as central and western Russia; (2) the tropical & subtropical dry broadleaf forests, especially in Mexico; (3) the tropical and subtropical grasslands, savannas and shrublands in eastern Africa, especially southern Sudan, Tanzania, and Mozambique; and (3) the montane grasslands and shrublands, especially in South Africa.




3.3. Tree Cover Loss Projection Images


Based on our definition of tree cover as 10% or more canopy cover, and tree cover loss as any change below that threshold, we calculated that global tree cover loss was 4.1% between 2000 and 2014. Under a BAU scenario (i.e., assuming the same deforestation rates), our global model suggests another 4.4% of tree cover loss by 2029. Our global model results also suggest that several regions could experience increased tree cover loss between 2014 and 2029, most notably, South America, as well as areas of the subtropical moist broadleaf forests of Southern and Central Africa. Conversely, our results indicate that some areas that experienced significant tree cover loss between 2000 and 2014 could experience lower tree cover loss for the period 2014–2029. These include selected areas of the boreal forests/taiga biome in east central Russia and northern Canada, and the tropical and subtropical grasslands, savannas and shrublands of western Africa.



Based on our regional results, Europe exhibited the most stable tree cover extent between 2000 and 2014. Tree cover loss was only 1.8% during this period and, under a BAU scenario, our projections suggest Europe may experience an additional 2.1% tree cover loss between 2014 and 2029. Australia’s tree cover was reduced by 6.1% between 2000 and 2014 and could be reduced by an additional 6.5% between 2014 and 2029, under a BAU scenario. Similarly, tree cover in Africa was reduced by 5.1% between 2000 and 2014 and could contract an additional 5.3% between 2014 and 2029. In South America, tree cover loss was 4.6% between 2000 and 2014 and our results project an additional 4.9% tree cover loss between 2014 and 2029. In North America, tree cover loss was 3.9% between 2000 and 2014 and could increase to 4.7% between 2014 and 2029. In Asia, tree cover loss is projected to increase to 4.1% between 2014 and 2029 from 3.6% between 2000 and 2014.





4. Discussion


To our knowledge, our study has developed the first set of 1km maps showing the risk of tree cover loss and projections of potential future tree cover loss at both the global and regional scales based on models constructed using a series of spatially-explicit variables related to historical deforestation and globally-consistent data on historical tree cover and tree cover loss. The resolution of these maps takes advantage of the high-resolution tree cover loss data developed by [12] which inherently capture the finer scale patterns of tree cover loss. These new products are important for informing ongoing policy discussions about where forest conservation efforts are most urgently needed for biodiversity conservation, climate change mitigation, and achievement of the SDGs (e.g., [32,33]) as the maps highlight which areas are at greatest risk of tree cover loss as well as those areas projected to experience tree cover loss based on a 15-year BAU scenario. If combined with other global or regional datasets (such as data on carbon stocks, biodiversity, population growth), the outputs could inform where forest conservation would yield the greatest reductions in emissions from deforestation or bring the greatest synergies with biodiversity conservation or poverty alleviation [34]. Providing information on where tree cover loss is most likely could help governments focus their forest monitoring programs on the areas of greatest risk and set up near-real time alert systems (e.g., [35]) for quickly responding to deforestation. Providing information on areas with low tree cover loss risk could help inform the development of conservation incentives, such as payments for ecosystem services, aimed at preserving these low-risk areas. The models used to produce the maps also provide key information on the main variables associated with change at both the global and regional scale, thus helping to inform discussions on where to target efforts to address identified drivers of deforestation. For example, while the main driver of deforestation in many tropical regions includes agriculture (both subsistence and commercial [36], in boreal regions several studies have found that timber harvesting and wildfire dominate [37,38,39]. Providing information on the variables associated with tree cover loss allows policy makers, donors and practitioners to target their conservation funding, capacity-building, and efforts towards addressing specific drivers.



Our analysis provides novel insights into which forests are currently at greatest risk of being destroyed. It is clear that the risk of tree cover loss is non-uniform across regions and biomes. Our results suggest, for example, that areas in several biomes in South America are at risk including, for example, the tropical shrubland/savanna regions, especially northern Argentina and Paraguay. Areas of West and tropical Africa, and parts of the boreal and taiga region are also particularly at risk for losing tree cover. [37] found that two-thirds of the boreal forest biome is managed for wood production and industrial development and that resultant activities, most notably logging, are increasing. It is therefore reasonable to expect that tree cover loss may expand in this region. Identifying areas of highest risk of tree cover loss could help policymakers proactively develop innovative and anticipatory policies to prevent this loss.



Our projections of future tree cover loss, with an estimated 247 M ha of additional tree cover loss between 2014 and 2029 under a BAU scenario, indicate that tree cover loss will likely continue to occur at high rates unless significant action is taken. This figure for the 15 year period is almost two times greater than the estimated forest cover loss over the 25 year period from 1990–2015 [7]. Similar historical tree cover loss estimates calculated from GFW resulted in over 19 Gt of CO2 emissions for the period 2000–2014. While the global results highlight general vulnerability to change, the regional scale can identify areas more likely to change based on more localized pressures. Our regional results suggest that tree cover loss is projected to continue in all regions, however the greatest losses could occur in Asia (76 M ha), South America (56 M ha), and Africa (54 M ha). Other studies project similar patterns in some regions. Ref. [22] constructed deforestation projections through 2025 and 2050 and their results, while generated using coarse spatial resolution data, showed similar patterns of risk and areas of potential tree cover loss for tropical Africa and regions of South America. And, results from a study by [40] that generated deforestation projections for the period 2015 to 2030, also suggest similar patterns for South America.



Our results also highlight which variables associated with historical tree cover loss are most important at the global scale as well as which variables are regionally important. At the global scale, precipitation, mean temperature, and crop suitability were the most important variables. At the regional scale, similar to other studies [18,26,27], distance to roads, rail, airports, and trails proved important driver variables, thus highlighting the need to consider these variables in development and land use planning initiatives. The Global Forest Atlas [41] discusses the important role of transportation networks in increasing accessibility to remote forest areas, and how access to markets (presumably facilitated by distance to roads, rail, airports, etc.) further incentivizes commercial agriculture and forestry activities. Our results also identified novel variables at the regional scale, particularly AGB and the human influence index.



While we believe our data have utility for multiple policy and planning processes including biodiversity conservation, climate change mitigation, and sustainable development initiatives, several caveats exist. The development of fully-informed policies and planning activities also requires additional information (such as forest type, forest condition, forest governance issues, etc.). Our data provide one critical input for these activities by presenting robust and consistent information on the overall risk of forest loss, but other datasets are also needed. We also recognize that new (unanticipated) variables may become important in future years. For this study, we explored a comprehensive set of 25 variables and aimed to maximize consistency and ensure the variables would remain constant during the projection period by restricting the variables to the same period as the historical deforestation data and limiting the projection period to fifteen years. Further, the global nature of the variables, as well as the single tree cover threshold (10%) used in the study, make the results suitable for use in global and regional scale analyses; they have more limited utility in national and local scale analyses which require national driver information and national datasets [42,43,44]. We also used a global forest cover loss dataset that identifies loss irrelevant of management regime and, therefore, some loss occurrences may in fact reflect forestry rotation patterns. While we focused on tree cover loss in this study, future studies could incorporate, for example, tree cover gain data to assess the net carbon impacts of tree cover loss followed by reforestation. We also recognize that leakage is an important issue for forest conservation and, while beyond the focus of this study, future studies could assess this issue. We encourage others to pursue these needed research activities.



Recognizing the significant negative environmental, social and economic consequences of continued forest cover loss [1,5,44,45], our outputs highlight and reiterate the magnitude of the challenge and the urgent need to take action to quickly stem forest cover loss if the Aichi Targets, REDD+ initiative and SDG goals are to be achieved. Our outputs will also help inform the types of knowledge gaps identified by [46] regarding the interaction between habitat loss or degradation and climate change, as well as the need for improving understanding of climate-land interactions [47,31] and models, which rely on spatially- and temporally-explicit land cover data to predict climate responses.




5. Conclusions


Our study has produced the first robust, 1 km resolution, spatially consistent maps of tree cover loss risk using a series of spatially-explicit variables related to historical tree cover loss and globally consistent data on tree cover and historical tree cover loss. By combining historical these variables and historical tree cover loss information we identified areas where tree cover is at higher risk of future loss. We have also generated new projections of potential future global and regional tree cover loss by 2029, based on a BAU scenario. We have made all of the outputs fully available and have also highlighted the utility of these layers in multiple planning exercises and prioritization activities.



As the effects of climate change continue to manifest, and initiatives to combat deforestation are implemented, as part of climate change mitigation, biodiversity conservation, and the SDGs, the inclusion of these types of globally-consistent data should become standard practice. By including critical information on areas at high risk of tree cover loss in modeling and planning activities, more informed policy decisions will be possible that fully reflect the role of forests for biodiversity conservation, climate mitigation and sustainable development.
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Appendix A


The expected model accuracy is a function of the number of transitions being modeled along with the number of persistence classes. The latter can be determined based on the number of “from” classes. The expected accuracy is:


E(A) = 1/(T + P)








where

	
E(A) = expected accuracy;



	
T = the number of transitions in the submodel;



	
P = the number of persistence classes = the number of “from” classes in the sub-model.








A measure of the model skill is then expressed as:


S = (A − E(A))/(1 − E(A))








where

	
S = model skill measure;



	
A = measured accuracy;



	
E(A) = expected accuracy.








This measure varies from −1 to +1 with a skill of 0 indicating random chance.
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Figure 1. Flow diagram of the steps used to generate the transition potential surface and potential future tree cover loss for 2029 at the global scale. (A similar process was used for each of the six regional models). 
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Figure 2. Results for the Global model (a) and Regional models (b) (displayed together) showing areas of high potential to transition from tree cover to tree cover loss (red) to areas of low potential to transition (blue). 
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Figure 3. Areas of high transition potential (i.e., high risk of tree cover loss) in the global or regional model results, or both. 
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Table 1. Initial set of variables (and data sources) considered for inclusion in the models at both scales, including; quantitative (1–15) and qualitative variables (16–25).
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	Variable
	Source





	1
	Distance to railroads
	VMap0 (Esri)



	2
	Distance to roads
	VMap0 (Esri)



	3
	Distance to trails
	VMap0 (Esri)



	4
	Distance to Airports
	VMap0 (Esri)



	5
	Distance to urban areas
	Nelson (2008).

Estimated travel time to the nearest city of 50,000 or more people in year 2000



	6
	Elevation
	Danielson and Gesch (2011).

Global Multi-resolution Terrain Elevation Data (GMTED2010)



	7
	Slope
	Derived from Elevation



	8
	Aboveground Biomass
	Avitabile et al. (2016).

GEOCARBON global aboveground forest biomass map



	9
	Human Influence Index
	Wildlife Conservation Society et al. (2005).

Global Human Influence Index Dataset of the Last of the Wild Project generated at 1km for the period 1995–2004 by the World Conservation Society and the Columbia University Center for International Earth Science Information Network (CIESIN).



	10
	Crop suitability
	Zabel et al. (2014).

Global Assessment of Land Use Dynamics, Greenhouse Gas Emissions and Ecosystem Services (GLUES) data agricultural suitability data



	11
	Irrigation area
	Siebert et al. (2013).

FAO Irrigation Dataset



	12
	World Population 2000
	CIESIN (2016).

World population in 2000 from NASA’s Socioeconomic Data and Application Center (SEDAC)



	13
	Global Opportunity Cost
	Naidoo and Iwamura (2007).

Global-scale mapping of economic benefits from agricultural lands: Implications for conservation priorities



	14
	Annual Precipitation
	Hijmans et al. (2005).

Average monthly precipitation in mm at a spatial resolution of 2.5 m from the WorldClim dataset



	15
	Annual Mean temperature
	Hijmans et al. (2005).

Average monthly mean temperature in in °C (×10) at a spatial resolution of 2.5 m from the WorldClim dataset



	16
	Protected Areas—Normalized Likelihoods
	WDPA (2016).

World Database on Protected Areas



	17
	Ecoregions—Normalized Likelihoods
	WWF (2004).

World Wildlife Fund—Global 200 (terrestrial) Ecoregions



	18
	Biomes—Normalized Likelihoods
	WWF (2004).

World Wildlife Fund—Global 200 (terrestrial) Ecoregions



	19
	Soil Depth—Normalized Likelihoods
	HWSD (2014).

Harmonized World Soil Database, version 1.2



	20
	Soil Drainage—Normalized Likelihoods
	HWSD (2014).

Harmonized World Soil Database, version 1.2



	21
	Soil Texture—Normalized Likelihoods
	HWSD (2014).

Harmonized World Soil Database, version 1.2



	22
	Soil pH—Normalized Likelihoods
	HWSD (2014).

Harmonized World Soil Database, version 1.2



	23
	Regions—Normalized Likelihoods
	VMap0 (Esri)



	24
	Countries—Normalized Likelihoods
	VMap0 (Esri)



	25
	States & Provinces—Normalized Likelihoods
	VMap0 (Esri)
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Table 2. Variable results for the global analysis, ranked by relative importance to the model accuracy.
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	Variable
	Relative Importance





	Precipitation
	1



	Mean temperature
	2



	Crop suitability
	3



	Biomes (NL)
	4



	AGB
	5



	Elevation
	6



	Slope
	7



	Irrigation area
	8



	Distance to roads
	9



	Distance to railroads
	10



	Distance to trails
	11



	Human Influence Index
	12



	Distance to urban areas
	13



	Opportunity Cost
	14



	Protected areas (NL)
	15
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