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ABSTRACT 

Reducing deforestation and degradation (REDD+) can lower anthropogenic carbon 

emissions by 9-11% and is therefore integral to mitigating climate change. REDD+ is a proposed 

scheme in which developed countries pay developing countries for reduced deforestation. Kenya 

is one such country participating in REDD+. As such, Kenya must establish a reference emission 

level (REL) against which it can compare avoided emissions from reduced deforestation. 

Developing a spatial model of future deforestation will determine the REL for Kenya and 

provide complementary information on where forests are at risk and drivers of deforestation. 

REDD+ also offers benefits of poverty alleviation and biodiversity conservation, referred to as 

“co-benefits.” Since the spatial distributions of carbon and co-benefits may not be congruent, 

there may be trade-offs among them whereby increasing one decreases others. To assist Kenya in 

its REDD+ preparations, I build the first spatially explicit deforestation model for the whole of 

Kenya parametrized with national data. I apply a novel Bayesian inference method which 

propagates uncertainty in the estimated parameters to the predictions. In addition, I conduct a 

novel analysis of trade-offs among carbon and co-benefits in three dimensions. I find that 

predicted forest loss is 1.68% ± 0.06% from 2013 to 2018 (cross-validated AUC = 0.8). There is 

high deforestation in the Rift Valley and coastal regions attributed to drivers related to 

accessibility, extraction, and agriculture. Analysis of three-dimensional trade-offs reveals that 

REDD+ sites could simultaneously include 86% of the maximum possible number of people in 

poverty and 88% of the maximum possible average proportion of ranges of rare species with the 

smallest 25% of global ranges with a 10% reduction in carbon. The results presented here may 

help Kenya spatially target REDD+ interventions and address particular deforestation drivers as 

well as plan for securing high levels of carbon stocks and co-benefits.  
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STATE OF CONSERVATION 

Despite conservation efforts since the 1992 adoption of the Convention on Biological 

Diversity (CBD), biodiversity is in decline (Butchart et al., 2010; Stokstad, 2010). The CBD 

failed to meet its 2010 goal of significantly slowing biodiversity loss (Stokstad, 2010). 

Biodiversity indicators measuring progress toward this goal show that there have been no 

substantial reductions in the rate of loss, while pressures on biodiversity have increased (Butchart 

et al., 2010). More species are in trouble; countries are redirecting aid from conservation to 

fighting climate change; unsustainable consumption of biological resources is increasing; and 

invasive species continue to spread (Stokstad, 2010). Growing demand for natural resources and 

modification of the environment are largely responsible for the decline in biodiversity. Since 

1800, the growth of human population and intensity of our activities has increased at an 

exponential rate, placing greater strain on biodiversity (Steffen et al., 2011). Humans appropriate 

24% of potential net primary productivity of the biosphere through harvest, land use change, and 

fire, altering ecosystems and disrupting species on a global scale (Haberl et al., 2007). Croplands 

and pastures occupy approximately 35% of the ice-free land surface, an amount which rivals 

global forest cover, leaving less space for biodiversity (Foley et al., 2007; Ramankutty et al., 

2008). As a result of these drivers of loss, humans have put many species at the risk of extinction 

and their threat status continues to deteriorate. Twenty-one percent of extant mammals, 13% of 

birds, and 41% of amphibians are listed as “threatened” by the International Union for the 

Conservation of Nature (IUCN) (Hoffmann et al., 2010). From 1980 to 2004, 662 out of 6,246 

amphibian species assessed have moved one category closer to extinction on the IUCN Red List 

Index for measuring extinction risk (Hoffmann et al., 2010). Two hundred and twenty-three out 

of 9,895 bird species assessed and 156 out of 5,413 mammal species assessed have also 

deteriorated by at least one category over the periods of 1988 to 2008 and 1996 to 2008, 
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respectively (Hoffmann et al., 2010). The latest Living Planet Report from the World Wide Fund 

for Nature (WWF) informs that there has been a 52% decline in the Living Planet Index, which 

tracks trends in 10,380 closely studied populations of over 3,000 vertebrate species, between 

1970 and 2010 (McLellan et al., 2014). On the whole, humans have raised the extinction rate to 

more than 100 times the background rate, exceeding the planetary boundary for biodiversity loss 

past which human activities will cause dangerous environmental change (Rockstrom et al., 

2009). Between 10 and 690 species are going extinct per week (Monastersky, 2014). Projecting 

the current rate of extinction of 0.01% to 0.7% of all existing species per year into the future 

could lead to the loss of more than 75% of species over the next few centuries, qualifying as a 

mass extinction event (Monastersky, 2014). From the near disappearance of once abundant 

species such as the Panamanian Golden Frog to the Sumatran Rhino, we may already be in the 

midst of a “Sixth Extinction” on the same scale as the five preceding mass extinctions in 

geologic history (Kolbert, 2014). 

The loss of biodiversity will likely persist on its current course because protecting habitat 

for species is expensive when the economic value of alternative land uses such as agriculture or 

human settlement is high. Protected areas cover about 13% of Earth’s terrestrial surface, 

although they are typically found at higher elevations, steeper slopes, and greater distances away 

from roads and cities, which are unsuitable for development and therefore inexpensive to protect 

(Joppa and Pfaff, 2009). However, there is widespread recognition that species’ habitats provide 

ecosystem services, ecosystem functions which benefit people, which offer an added incentive 

for protection beyond just conserving biodiversity (Balmford et al., 2002; Costanza et al., 1997; 

Daily et al., 2000). Concurrently, there is recognition that biodiversity has economic value in its 

own right because it increases the efficiency and stability of ecosystem functions as well as the 
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productivity of ecological communities, thereby contributing to human wellbeing (Cardinale et 

al., 2012). One such service habitat for species provides is carbon storage, maintaining the stock 

of carbon in the biosphere and preventing its release into the atmosphere. Forests play an 

important role in storing carbon. Tropical forests contain 25% of terrestrial carbon and account 

for 33% of terrestrial net primary productivity (Bonan, 2008). Fertilization by CO2 from rising 

anthropogenic carbon emissions is increasing the size of the terrestrial carbon sink, mostly from 

the uptake of tropical forests (Schimel et al., 2015). Carbon dioxide fertilization may account for 

up to 60% of the present-day terrestrial carbon sink (Schimel et al., 2015). As atmospheric 

carbon levels continue to climb, forests will absorb an even greater amount of carbon, but this is 

contingent on protecting them from deforestation and their response to climate change (Schimel 

et al., 2015). Destroying forests releases their carbon into the atmosphere, elevating CO2 

concentrations and fueling climate change. Annual carbon emissions from land use and land-use 

change activities, namely the burning and clearing of forests, account for 9-11% of total 

anthropogenic emissions from 2000 to 2010 (Smith et al., 2014). Deforestation equates to 

roughly the same level of carbon emissions from the entire transportation sector, responsible for 

14% of global emissions over the same period (Smith et al., 2014). Forests are in turn susceptible 

to climate change, creating a positive feedback loop whereby increasing deforestation may 

exacerbate climate change and lead to sustained drought and the eventual dieback of tropical 

forests (Malhi et al., 2009, 2008). Large-scale deforestation could also directly affect global 

weather and climate in remote regions through teleconnections with negative implications for 

agricultural productivity (Lawrence and Vandecar, 2015). Global climate models show that 

warmer, drier conditions resulting deforestation in the tropics are associated with increased 

temperature and decreased rainfall at mid-latitudes (Lawrence and Vandecar, 2015). For 
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example, the complete loss of the Amazon could reduce rainfall throughout the Midwestern, 

Northwestern, and Southern parts of the United States during the agricultural season (Lawrence 

and Vandecar, 2015). Complete deforestation of Central Africa could cause declines in rainfall in 

the Gulf of Mexico, the United states Midwest, Ukraine, and Southern Europe (Lawrence and 

Vandecar, 2015). Preventing deforestation could mitigate the risks posed by its indirect effects 

on climate change by lowering carbon emissions and its direct effects on agriculture by 

preserving local climate conditions in the tropics. 

REDD+ BACKGROUND 

The largest proposed program for incentivizing avoided deforestation to maintain carbon 

stocks and mitigate climate change is the United Nations Framework Convention on Climate 

Change (UNFCCC) initiative for Reducing Deforestation and Degradation (REDD+). The 

principle behind REDD+ is that developed countries compensate developing countries for 

avoided deforestation to lower global emissions (Miles and Kapos, 2008). In 2006, the Stern 

Review proposed avoided deforestation as a low-cost climate change mitigation option (Stern, 

2006). A year later, in 2007, the 13th Conference of the Parties (COP) to the UNFCCC adopted 

the Bali Action Plan, which for the first time included REDD+ in the negotiations (UNFCCC, 

2007). The Bali Action Plan expanded the scope of reducing deforestation and degradation to 

include “the role of conservation, sustainable management of forests and enhancement of forest 

carbon stocks,” which accounts for the “+” in the acronym (Harvey et al., 2010; UNFCCC, 

2007). Outside of the UNFCCC, the United Nations REDD (UN-REDD) program, a 

collaboration among the Food and Agriculture Organization (FAO), United Nations 

Environmental Program (UNEP), and the United Nations Development Program (UNDP), as 

well as the World Bank’s Forest Carbon Partnership Facility (FCPF) were launched in 2008 to 
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support and finance REDD+ implementation. Since its recognition by the UNFCCC in 2007, 

UN-REDD and FCPF have been administering funds to countries in preparation for REDD+ 

while negotiations over the REDD+ mechanism have continued at meetings of the Conference of 

the Parties. As of yet a global mechanism for transferring funds from developed to developing 

countries for avoided deforestation and degradation has not been implemented.  

Given that REDD+ involves a redistribution of wealth, it could also benefit impoverished 

people in developing countries in addition to conserving carbon and biodiversity. REDD+ can be 

viewed as a multi-level payment for ecosystem services (PES) scheme (Angelsen and Wertz-

Kanounnikoff, 2008). On the international level, developed, carbon polluting countries pay 

developing countries with high forest cover, mainly in the tropics, to offset their emissions by 

avoiding deforestation (Angelsen and Wertz-Kanounnikoff, 2008). On a country level, national 

governments may pay local governments or land managers for demonstrating emissions 

reductions in their forests (Angelsen and Wertz-Kanounnikoff, 2008). Locally, REDD+ 

payments may find their way to people living in and around forests responsible for managing 

them. Local people who manage forests act as stewards of the ecosystem service of carbon 

storage. If implemented as a PES scheme, REDD+ would pay them in exchange for increasing 

carbon storage through avoided deforestation according to the steward-earns principle (Gomez-

Baggethun and Ruiz-Perez, 2011). If REDD+ payments are distributed to local forest stewards, 

they would mostly go to the poor because poor people tend to be located where forests are 

(Sunderlin et al., 2008). Beyond the potential benefit of payments for carbon storage, local 

people also benefit more immediately from harvesting forest products such as fuelwood, timber, 

and charcoal. Forests are an important resource for the 800 million people—more than 10% of 

the current world population—who inhabit them in the tropics (Chomitz, 2007). The free 
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products forests offer to impoverished households are sometimes referred to as a “subsidy from 

nature” (Hecht et al., 1988). These products support millions of people and maintaining the 

forests that provide them could secure or enhance livelihoods (UNEP-WCMC, 2007). 

REDD+ presents a large potential revenue stream for conservationists to tap into to help 

stem biodiversity loss. REDD+ may also make a significant contribution to local livelihoods. 

The amount of funds deposited to accounts to implement REDD+ is significant compared to 

global biodiversity aid. Since 2008, donor countries have deposited a total of US$ 2.3 billion in 

multi-lateral climate funds such as UN-REDD and the FCPF (Heinrich Böll Stiftung and ODI, 

2014). Over the same period, these multi-lateral funding agencies have approved US$ 1.07 

billion for REDD+ implementation (Heinrich Böll Stiftung and ODI, 2014). The largest 

contributor is Norway, followed by the United Kingdom, Germany, and the United States 

(Heinrich Böll Stiftung and ODI, 2014). To quantify global efforts to reduce the rate of 

biodiversity loss, Butchart et al. (2010) measure trends in biodiversity-related aid from the 

Organization of Economic Cooperation and Development (OECD), a consortium of 34 donor 

countries. The OECD requests that donor countries indicate for each development activity they 

report whether or not it targets environmental objectives (OECD, 2015a). Countries may indicate 

the purpose of each activity with a general “environment” marker, or with four markers covering 

the focus areas of the Rio Conventions, including biodiversity, climate change adaptation, 

climate change mitigation, and desertification (OECD, 2015a). While avoided deforestation may 

have collateral benefits for biodiversity and livelihoods, countries will likely distinguish this type 

of activity by marking it for climate change mitigation. The amount of biodiversity-related aid is 

therefore unlikely to include aid for REDD+ unless activities for avoided deforestation and 

degradation are designed to maintain or enhance biodiversity (OECD, 2015b). Butchart et al. 
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(2010) report that the OECD provided US$ 3.13 billion in biodiversity aid in 2007. The updated 

figure for 2013 is US$ 5.8 billion (OECD, 2015c). The OECD similarly requests that countries 

indicate the objectives of the other types of development activities. Out of the US$ 135 billion 

given in aid by the OECD in 2013, 20% falls under the “Education, Health & Population 

Policies/Reproductive Health” sector, amounting to US$ 27 billion in aid that goes directly to 

improving people’s wellbeing and livelihoods (OECD, 2015d). It may not be fair to directly 

compare REDD+ deposits to biodiversity- and livelihoods-related aid because the former 

represents a sum since 2008 and the latter the amounts in 2013 alone, although the comparison 

still demonstrates that REDD+ funding is considerable. REDD+ deposits since 2008 make up 

over 40% of global biodiversity aid and 9% of livelihoods aid contributed in 2013. REDD+ 

presents a major funding opportunity for biodiversity conservation and poverty alleviation if it is 

able to incorporate these objectives into its framework. 

Kenya is one of many countries around the world engaging in REDD+ which stands to 

gain from international payments to protect its forests, conserve its biodiversity, and improve the 

livelihoods of its people. Kenya is preparing for REDD+ as evidenced by its submission of a 

Readiness Preparation Proposal (R-PP) to the FCPF (Kenya R-PP, 2010). Kenya’s participation 

in REDD+ is aligned with its 2005 Forests Act, which requires all forests to be under sustainable 

forest management, defined as the “conservation and rational utilization of forest resources for 

the socio-economic development of the country,” regardless of ownership (KFA, 2005). Kenya’s 

R-PP states that it will design its REDD+ activities to protect and enhance its carbon stocks “in 

ways that help improve local livelihoods and biodiversity” (Kenya R-PP, 2010). In the forest 

transition model, which explains the transition from decreasing to increasing forest cover that 

occurs as countries develop, Kenya is in late transition with most of its forest already lost and its 
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deforestation rate decreasing (Hosonuma et al., 2012). As such, Kenya has low forest cover and a 

low deforestation rate. Forests cover 5.6% of Kenya and annual forest loss was between 0.35% 

and 0.31% from 2005-2010 (FAO, 2010). Despite this there, is still high potential for 

biodiversity and livelihoods benefits. The Eastern Arc and Coast Forests of southern Kenya and 

Tanzania are a global hotspot for biodiversity (Myers et al., 2000). The 3,167 km2 of coastal 

forests in East Africa, of which 660 km2 are in southeast Kenya, are an important center of plant 

and animal endemism (Burgess, 1998). Sub-centers of especially high endemism in Kenya are 

located along the southeastern coast and Tana River (Burgess, 1998). The Taita Hills in southern 

Kenya, which form the northern edge of the Eastern Arc Mountains stretching through Tanzania, 

also have a high concentration of endemic animals and plants (Burgess et al., 2007). Kenya as a 

whole contains 3,119 animal species, of which 241 are threatened (IUCN, 2015a). Of Kenya’s 

241 threatened animal species, 30 are mammals, 38 are birds, and 10 are amphibians (IUCN, 

2015b). A much higher proportion of Kenya’s plant species, 222 out of a total of 723, are 

threatened (IUCN, 2015c). Poverty is widespread in Kenya. About 53% of rural and 50% of 

urban Kenyans live below the poverty line of US$ 0.59 per day in rural areas and US$ 1.26 per 

day in urban areas (WRI et al., 2007). The spatial distribution of rural poverty in Kenya is 

heterogeneous, determined by varying geographical conditions in rural areas, with different 

levels of influence in each province (Okwi et al., 2007). While reasons for entering and escaping 

poverty vary across livelihood zones, differentiated by physical and agroecological 

characteristics that shape people’s livelihood activities, national trends show that health problems 

drive people into poverty and off-farm income gets them out (Kristjanson et al., 2010). Since 

REDD+ focuses on avoided emissions, before assessing its potential to conserve biodiversity and 
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improve livelihoods, it is essential to first establish where forest is being lost, what is driving 

deforestation, and where these drivers occur to predict which forests are at risk. 

DRIVERS OF DEFORESTATION 

Avoiding deforestation and the carbon emissions that it releases requires an 

understanding of where it is likely to occur and what is driving it. Spatial data on observed 

deforestation and its potential drivers are necessary for building a spatially-explicit model of 

deforestation to identify which forests are at risk and the causes of forest loss. Following the 

release of Landsat 7 satellite imagery for free to the public in the late 2000s, for the first time it 

was possible to classify global forest cover at 30 m resolution and generate wall-to-wall maps of 

forest change (Hansen et al., 2013). The maps show the percent canopy cover in the base year of 

2000 as well as annual forest loss and gain from 2000 to 2012 (Hansen et al., 2013). Prior to the 

publication of global forest change maps, technicians were required to manually classify 

remotely sensed images. The availability of high-resolution deforestation maps off the shelf 

eliminated this step and subsequently made mapping and modeling deforestation more accessible 

(Margono et al., 2014; Struebig et al., 2015). These maps of global forest change reveal the 

spatial distribution of deforestation in any given region over time. Knowledge of the drivers that 

may be responsible for forest loss in the region is needed for acquiring appropriate spatial data to 

represent drivers of deforestation. Drivers of deforestation are separated into direct and 

underlying drivers (Kanninen et al., 2007). Direct drivers of deforestation include agricultural 

expansion, wood extraction, and infrastructure extension whereas underlying drivers include 

macroeconomic and governance factors as well as cultural, demographic, and technological 

factors (Kanninen et al., 2007). Underlying factors are more difficult to map because they 

depend on markets, policies, and social and technological trends which are not inherently spatial, 
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however their influence is partly reflected in maps of direct drivers. Global patterns in the direct 

and underlying drivers of tropical deforestation exist with important differences among 

continents. 

Over the past 50 years, the main actors responsible for the majority of tropical 

deforestation shifted from rural smallholders to large-scale agricultural producers selling to 

urban and global markets, although this transition did not take place in Africa. From the 1960s to 

the 1980s, deforestation tended to increase with rural population in the Amazon and Southeast 

Asia as small-scale farmers with state assistance cleared forested land for agriculture (Rudel et 

al., 2009). In the subsequent period, an analysis of forest loss from 2000 to 2005 across the 

tropics revealed that the link between rural population growth and deforestation no longer held 

(DeFries et al., 2010). More recent deforestation was found to be correlated with urban 

population growth and the export of agricultural products (DeFries et al., 2010). In an 

increasingly globalized world, deforestation by wealthy ranchers, farmers, and loggers supplying 

urban population centers and foreign markets superseded deforestation by small-scale farmers 

(Rudel et al., 2009). The narrative for Africa, however, was different. While state-sponsored 

programs to settle people in rainforests did not take place in Africa during the 1960s to the 

1980s, increasing rural population over this period was still associated with deforestation as 

smallholders cleared available land for agriculture (Rudel et al., 2009). Yet, the transition after 

the 1980s to deforestation mainly by large-scale producers did not occur in Africa and rural 

people continued to drive deforestation through small-scale agriculture and the extraction of 

forest products such as wood fuel, timber, and charcoal (Burgess et al., 2002; Fisher, 2010; 

Rudel et al., 2009). The analysis of forest loss from 2000 to 2005 showed that Africa was an 

exception to the transition observed in the rest of the tropics (Fisher, 2010). Deforestation in 
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Africa was weakly correlated with urban growth and not significantly correlated with agricultural 

exports over this period (DeFries et al., 2010). Further evidence supported the conclusion that 

rural population continued to drive African deforestation. In the same countries analyzed by 

DeFries et al. (2010), staple crop production was found to be correlated with deforestation from 

2000 to 2005 (Fisher, 2010). The increase in staple crop production was not correlated with yield 

increases over the same period, implying that higher production was achieved by expanding 

agricultural land at the expense of forests (Fisher, 2010). Another study of forest loss from 2000 

to 2010 provides direct evidence of continued deforestation by smallholders, showing that small-

scale agriculture accounted for a higher proportion of deforestation in Africa than in the 

Americas, but accounted for the same proportion as in Asia (Hosonuma et al., 2012). Within 

Africa, analysis of forest cover change for Sub-Saharan African countries from 2000 to 2005 

reveals that there are regional differences in the rates and drivers of forest loss (Rudel, 2013). In 

East and West African countries, population growth in the 1990s is positively correlated with 

deforestation and the proportion of lands that are unsuitable for agriculture is negatively 

correlated with deforestation (Rudel, 2013). These results demonstrate that East and West 

African countries with more population growth and suitable land for agriculture experience 

greater deforestation, affirming the central role of small-scale farmers in forest loss (Rudel, 

2013). On the other hand, deforestation is lower in Central African countries where oil and 

minerals make up a greater proportion of exports (Rudel, 2013). Greater tax revenue on high-

value natural resources may have led to rural to urban migration, declines in agriculture, and 

increased food imports, explaining lower deforestation rates (Rudel, 2013). Together, analyses 

on global, continental, and country scales show that African deforestation is caused by 

agricultural expansion and extraction by rural people and that these drivers are more pronounced 
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in East and West Africa where deforestation is higher. These broad trends offer a starting point 

for selecting potential drivers to test in regionally specific models of deforestation in Kenya.   

Since the prevailing drivers of deforestation in East and West Africa are related to 

clearing and extraction by rural smallholders, excluding underlying economic drivers from 

models in these regions may not significantly increase the amount of unexplained variance in 

forest loss. Spatial data on direct drivers such as population and agriculture may therefore be 

adequate for explaining the observed distribution of deforestation in Kenya. Fitting a model to 

spatial data on deforestation and its drivers would test which drivers significantly influence 

deforestation and show the magnitude of their impact. The model may also be used to predict the 

future probability of deforestation, producing a map of forests at risk. Spatially explicit models 

parameterized with spatial data indicating agricultural suitability and population pressure have 

been used to successfully predict forest loss and show the level of influence of drivers on 

deforestation in East Africa (Green et al., 2013; Serneels and Lambin, 2001). Previous work has 

mapped deforestation threat in Kenya on a subnational level, although not yet on a national level 

using more recent data (Serneels and Lambin, 2001). Developing a national map of future forest 

loss would establish where deforestation could be avoided in Kenya, and therefore point to areas 

eligible for REDD+ intervention. Having identified areas eligible for REDD+, it is possible to 

examine the extent to which different areas contribute to climate change mitigation as well to 

benefits for biodiversity and livelihoods. Some areas may be more important than others for 

securing high levels of carbon, biodiversity, and livelihood benefits. Knowing how REDD+ 

interventions affect multiple objectives in different areas may help Kenya decide on which to 

prioritize. 
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SPATIAL PLANNING FOR MULTIPLE BENEFITS 

Up until now, the discussion of REDD+ has only mentioned the ways in which payments 

for avoided deforestation could benefit biodiversity and livelihoods in addition to mitigating 

climate change. REDD+ promises to deliver “win-win” solutions whereby protecting forests will 

simultaneously conserve species and alleviate poverty. These “win-wins,” however, draw 

attention away from potential trade-offs where gains in one benefit result in losses in another 

compared to a situation where no action was taken (Hirsch et al., 2011; Muradian et al., 2013). 

The advantage to a policy narrative of trade-offs over one of “win-wins” is that it acknowledges 

the possibility of negative outcomes of certain actions (Muradian et al., 2013). A systematic 

review of the literature on ecosystem services uncovers that trade-offs are three times as common 

as “win-wins” or synergies (Howe et al., 2014). “Win-wins” are far from guaranteed, but taking 

insights from the preponderance of cases where trade-offs occurred will ensure that conservation 

actions are more likely to create “win-win” solutions in the future (Howe et al., 2014). It should 

therefore be noted that monetizing carbon and prioritizing the protection of forests according to 

their carbon content alone could potentially lead to declines in biodiversity or damage 

livelihoods compared to a situation where no REDD+ actions were taken. 

REDD+ may deliver multiple benefits of climate change mitigation, biodiversity 

conservation, and poverty alleviation, although it also poses risks to biodiversity and livelihoods 

(Hirsch et al., 2011). Biodiversity concerns surrounding REDD+ include displacing deforestation 

to high biodiversity areas and ignoring the functional importance of biodiversity in maintaining 

the ecological integrity of forests (Gardner et al., 2012). By focusing protection on forests with 

high carbon and low biodiversity, REDD+ may displace agricultural expansion to low-carbon, 

high-biodiversity forests, a phenomenon known as “leakage” (Putz and Redford, 2009). 

Prioritizing carbon could also overlook the fundamental role biodiversity plays in contributing to 
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carbon stocks and maintaining their long-term storage. The diversity of plants and soil microbes 

determines the magnitude, turnover rate, and longevity of carbon stocks in vegetation and soil 

(Díaz et al., 2009). By enhancing ecosystem resilience, biodiversity supports the permanence of 

carbon storage (Thompson et al., 2009). With its emphasis on carbon, REDD+ may create 

perverse incentives to replace resilient forests high in biodiversity with low-diversity 

monoculture plantations to simultaneously maximize carbon payments and crop yields in the 

short term (Lindenmayer et al., 2012). REDD+ may additionally adversely affect livelihoods. 

REDD+ requires a clear definition of land tenure in order to establish the ownership of carbon 

stocks, incentivize landowners to avoid deforestation, and compensate landowners for their 

performance (Larson, 2011). REDD+ also requires changes in resource use that may restrict 

certain activities that supplement livelihoods such as the collection of fuelwood or timber 

(Larson, 2011). Decisions over who obtains tenure rights and what forest uses are permitted 

under REDD+ will determine its impact on livelihoods (Larson, 2011). Local livelihoods may 

suffer if REDD+ undermines tenure rights of forest communities and restricts access to forest 

resources (Larson, 2011). REDD+ threatens to recentralize forest governance, which could lead 

central governments to seize land tenure from forest communities and impose excessive 

restrictions on forest use, believing that they can better manage carbon stocks than these 

communities (Phelps et al., 2010). Threats to land tenure also exist from powerful and wealthy 

landholders. Land tenure is often less clear and more contested in forests than in agricultural 

landscapes (Campbell, 2009). With the possibility of new income from REDD+, elites may 

assert their tenure rights to capture payments, dispossessing less powerful, poorer landholders 

and depriving them of REDD+ funds (Campbell, 2009). Dispossession of vulnerable landholders 

and elite capture of REDD+ payments is more likely where the rule of law is weak and there is 
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low accountability (Sandbrook et al., 2010). If efforts are not undertaken to strengthen 

institutions protecting the rights of forest communities, REDD+ may negatively affect their 

livelihoods by undermining their land tenure (Sandbrook et al., 2010). Restrictions imposed by 

central government or powerful landowners on land they claim ownership over or restrictions 

imposed by REDD+ projects on land forest communities own themselves could further damage 

livelihoods. Much of the income of people living in and around forests comes from collecting 

fuelwood, food, and other forest products, or from practicing shifting cultivation (Chomitz, 

2007). Loss of access to forest resources could hurt livelihoods by taking away a main source of 

income (Chomitz, 2007). Without addressing issues of leakage, perverse incentives, land tenure, 

and forest access, REDD+ could harm biodiversity and livelihoods. 

Three years after the Bali Action Plan acknowledged avoided deforestation as a strategy 

for mitigating climate change, in 2010 the 16th Conference of Parties adopted a set of draft 

safeguards attending to the risks REDD+ posed to biodiversity and livelihoods (UNFCCC, 

2010). The safeguards pertain to environmental, social, and governance concerns (UNFCCC, 

2010). To protect biodiversity from leakage and perverse incentives, they require “actions to 

reduce displacement of emissions” and that REDD+ “actions are consistent with the conservation 

of natural forests and biological diversity” (UNFCCC, 2010). To avoid damage to livelihoods 

from seizure of land tenure and restriction of access to forest resources, they call for “transparent 

and effective national forest governance” and “full and effective participation of… indigenous 

people and local communities,” as well as “respect for the knowledge and rights of indigenous 

peoples and members of local communities” (UNFCCC, 2010). While the Conference of Parties 

agreed to the principles behind the broad set of safeguards, there is still no consensus on how to 

implement or monitor them (Visseren-Hamakers et al., 2012). There is debate over whether these 
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safeguards should be outlined in greater detail (Visseren-Hamakers et al., 2012). The safeguards 

stress national sovereignty and, as they stand, leave it up to countries to define their own 

safeguards consistent with national laws and policies (Visseren-Hamakers et al., 2012). 

Nevertheless, if countries find a way to operationalize these safeguards, adhering to them will 

mean that incentivizing avoided deforestation will not reduce biodiversity or exacerbate poverty 

or disenfranchisement. With adequate safeguards, it is only possible for REDD+ to enhance 

carbon storage, biodiversity conservation, and poverty alleviation through the protection of 

forests. 

Since the spatial distributions among forest benefits do not perfectly align, prioritizing 

the protection of certain benefits will lower the levels of other benefits. The extent to which 

prioritizing one benefit lowers another depends on the level of congruence between their 

distributions. If there is low or negative spatial congruence between two benefits, increasing one 

benefit will result in a large decrease in the other. In this case, there is a strong trade-off between 

benefits. If, on the other hand, there is high positive spatial congruence between two benefits, 

increasing one benefit will result in less of a decrease in the other. In this latter case, there is a 

weak trade-off between benefits. Conversely, trade-offs can be viewed from the perspective of 

how much one benefit will increase by decreasing another benefit. For a strong trade-off, 

decreasing one benefit will result in a large decrease in another. Likewise, for a weak trade-off, 

decreasing one benefit will result in less of a decrease in the other. From a management point of 

view, weak trade-offs are favorable because they show that it is possible to protect high levels of 

multiple benefits at once. The strength of trade-offs therefore describes spatial relationships 

among the distributions of forest benefits. The term “trade-off” is used here in a different sense 

than in the literature on REDD+ risks. In the absence of REDD+ safeguards, trade-offs describe 
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the potential for an increase in one benefit to decrease another compared to a situation where no 

action was taken. For example, prioritizing carbon storage under REDD+ could result in the 

displacement of deforestation to low carbon, high biodiversity forests causing a decline in 

biodiversity that would not have occurred if REDD+ was not implemented. However, assuming 

that countries adhere to the safeguards to avoid leakage and maintain biodiversity when 

implementing REDD+, a decline in biodiversity from prioritizing carbon storage would not take 

place. The assumption that countries adhere to the safeguards makes it only possible for REDD+ 

to deliver benefits to biodiversity and livelihoods that are additional to a situation where no 

action was taken. Trade-offs under the assumption of safeguard adherence therefore describe the 

relative levels of additional benefits attained when benefits have different priority levels. For 

instance, prioritizing carbon may result in less biodiversity benefits than if both were prioritized 

equally. Understanding the trade-offs among forest benefits will help decision makers decide on 

how much to prioritize each of them in order to secure an outcome with acceptable levels of all 

benefits.  

Mapping the distributions of carbon stocks, biodiversity, and potential for poverty 

alleviation in the case study country of Kenya and examining their spatial congruence will 

quantify trade-offs among them. Further limiting the extent of the analysis of trade-offs to areas 

at risk of deforestation using modeled forest loss would restrict its extent to areas eligible for 

REDD+ because protecting these areas would result in avoided emissions. Carbon stocks are 

spatially defined as the aboveground live woody vegetation carbon density measured in Mega 

grams (106 grams) of carbon per hectare at 500 m resolution by satellite remote sensing (Baccini 

et al., 2012). Notably, belowground carbon stocks are absent from this map. A similar map of 

global carbon stocks includes belowground carbon, although its distribution is identical to that of 
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aboveground carbon (Saatchi et al., 2011). Including data on belowground carbon derived 

independently from estimates of aboveground carbon could more accurately capture the 

distribution of total carbon stocks (FAO et al., 2012). The ranges of all mammal, bird, and 

amphibian species as well as rare species in these taxa spatially represent biodiversity (IUCN, 

2013). Rare species are defined in two ways: those with a global range size less than the median 

global range size, and those with a global range less than the lower quartile of global range sizes. 

Data on rare species richness summed across taxa should be interpreted with caution because 

distributions of rare species richness for individual taxa may diverge from patterns of total rare 

species richness (Grenyer et al., 2006). Furthermore, total species richness is a simplistic metric 

for setting conservation priorities that does not account for evolutionary potential and ecosystem 

services (Kareiva and Marvier, 2003). Spatially targeting high richness areas may also lead to the 

exclusion and degradation of other areas as well as the preferential protection of less charismatic 

species that can live in restricted areas rather than species such as primates and large carnivores 

that require large territories (Kareiva and Marvier, 2003). Census data on the number of people 

below the poverty line in each of the lowest-level administrative units reveal the distribution of 

poverty density (CBS, 2001). Poverty density is a proxy for REDD+’s potential impact on 

livelihoods. It is assumed that REDD+ will have higher benefits for livelihoods when it includes 

more people below the poverty line because payments will result in a greater proportional 

increase in the incomes of those who are poor than those who are better off. The protection of 

forests by REDD+ in areas of high poverty density will also secure access to forest resources for 

a greater number of people who rely on them to supplement their income. Monetary income, 

however, is only one metric of poverty, which may be used alongside others representing the 

multiple dimensions of poverty including health, education, and living standard (Alkire and 
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Foster, 2011). Incentives for misreporting social data in developing countries exist at multiple 

levels, calling into question the reliability of the census data on poverty (Sandefur and Glassman, 

2015). Countries may misreport data to foreign donors to appeal for more aid or frontline service 

providers may misreport data to national governments to secure more government funding 

(Sandefur and Glassman, 2015). Recognizing their limitations, spatial data layers on carbon 

stocks, biodiversity, and livelihoods allow for trade-offs among them to be tested. 

There is an expansive array of literature on spatial planning for biodiversity and 

ecosystem services that examines the strength of trade-offs among environmental benefits. In the 

California Central Coast ecoregion, biodiversity is positively correlated with carbon storage, 

flood control, recreation, and water provision and negatively correlated with forage production 

and crop pollination (Chan et al., 2006). A conservation network targeting biodiversity alone 

protects a substantial amount of collateral ecosystem services (Chan et al., 2006). Spatial 

congruence between the distributions of biodiversity and the majority of the ecosystem services 

assessed explains how prioritizing one does not decrease the others. Targeting all six ecosystem 

services, however, achieves higher levels of ecosystem services than the biodiversity only 

network, although results in 44% less biodiversity (Chan et al., 2006). Biodiversity protection is 

improved by targeting biodiversity and the four ecosystem services positively associated with it, 

which results in biodiversity losses of only 7% compared to targeting biodiversity alone (Chan et 

al., 2006). As before, targeting only ecosystem services positively correlated with biodiversity 

produces a favorable, weak trade-off because their distributions are congruent. In contrast, 

targeting additional services negatively correlated with biodiversity produces a strong trade-off 

as their distributions diverge. Trade-offs between biodiversity and ecosystem services vary 

widely among ecoregions across the globe (Naidoo et al., 2008). On a global scale, a 
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conservation network of ecoregions targeting biodiversity protects ecosystem system service 

levels no greater than a network selected at random (Naidoo et al., 2008). Plotting the global 

rank of importance of each ecoregion for ecosystem services against its rank of importance for 

biodiversity reveals where there is potential for favorable trade-offs (Naidoo et al., 2008). 

Ecoregions in the bottom left and top right of the plot, including the California Central Coast, 

have equal importance for biodiversity and ecosystem services, and hence have a high potential 

for protecting the same levels of both (Naidoo et al., 2008). A similar number of ecoregions, 

however, are found in the top left and bottom right of the plot where the importance for 

biodiversity and ecosystem services is unequal, indicating strong trade-offs (Naidoo et al., 2008). 

Trade-offs may also be examined over time under future landscape scenarios. In Oregon’s 

Willamette Basin, biodiversity and ecosystem service levels were quantified for stakeholder-

defined scenarios of land-use and land-cover change at ten-year intervals between 1990 and 2050 

(Nelson et al., 2009). Scenarios included business-as-usual, increased development, and 

conservation pathways (Nelson et al., 2009). All three scenarios maintained high levels of 

ecosystem services and biodiversity, suggesting that favorable, weak trade-offs in the Willamette 

Basin are robust across scenarios (Nelson et al., 2009). The Willamette Basin may be exceptional 

in that trade-offs remain weak across scenarios since the stakeholder group in Oregon did not 

consider major alterations to the landscape given the state’s “history of resource protection, 

social behaviors, and land ownership patterns” (Nelson et al., 2009). Trade-offs may not be as 

weak across scenarios where greater land-use and land-cover change is considered under 

business-as-usual and increased development pathways (Nelson et al., 2009). A subset of the 

literature investigating spatial trade-offs in ecosystem services pertains in particular to the trade-

offs between carbon stocks, biodiversity, and poverty, which are relevant to REDD+. 
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Analyses of the trade-offs among carbon stocks, biodiversity, and poverty measure the 

extent to which REDD+ can deliver additional benefits for biodiversity and livelihoods while 

protecting carbon stocks. Global analyses demonstrate that it is possible to protect high levels of 

carbon and biodiversity at once. An assessment of avoided carbon emissions and number of 

endemic forest vertebrates in each country shows the global trade-off between carbon and 

biodiversity for a given amount of REDD+ funding (Venter et al., 2009). Allocating REDD+ 

funding to carbon exclusively would conserve relatively low biodiversity (Venter et al., 2009). 

However, since the trade-off between carbon and biodiversity is non-linear and weak for high 

carbon levels, slightly adjusting the allocation of funding could double biodiversity while 

reducing carbon by only 4-8% (Venter et al., 2009). Similarly, high correlation (r = 0.82) among 

global datasets on carbon storage and terrestrial biodiversity points to a favorable trade-off 

(Strassburg et al., 2010). Importantly, some regions of high biodiversity are not congruent with 

high carbon stocks and may be left out of REDD+ (Strassburg et al., 2010). Avoiding leakage is 

crucial to reducing the increased deforestation pressure in these regions if REDD+ is 

implemented (Strassburg et al., 2010). Another global study also finds a positive spatial 

correlation between carbon stocks and endemic species measured for each country, although the 

strength of this correlation is much lower (r = 0.1) (Siikamaki and Newbold, 2012). The 

correlations between carbon and endemic species for individual taxa vary (Siikamaki and 

Newbold, 2012). Stronger correlations indicate favorable trade-offs for amphibians (r = 0.64) 

and mammals (r = 0.59), but not for birds (r = 0.08) (Siikamaki and Newbold, 2012). In contrast 

to global analyses, country-scale analyses indicate strong trade-offs between carbon and 

biodiversity. In Indonesia, a weak negative correlation between carbon stocks and biodiversity 

shows a strong trade-off (Murray et al., 2015). This relationship, however, is highly variable 
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among islands where there are non-linear relationships between carbon and biodiversity (Murray 

et al., 2015). Favorable, weak trade-offs may exist on islands where biodiversity increases with 

carbon stocks, while strong trade-offs may be present on islands where biodiversity decreases 

with carbon stocks (Murray et al., 2015). Trade-offs between carbon and biodiversity in 

Indonesia may be explained by the distribution of biodiversity across carbon-dense peat swamp 

forests and lower-carbon forests on mineral soils (Paoli et al., 2010). Peat swamp forests, which 

offer the highest emissions reduction potential, have lower total and threatened species richness 

compared to forests on mineral soils (Paoli et al., 2010). Targeting carbon-dense peat swamp 

forests in Indonesia under REDD+ will therefore protect less biodiversity (Paoli et al., 2010). As 

was pointed out at the global level, leakage may displace deforestation to unprotected forests in 

Indonesia. Prioritizing the protection of peat swamp forests will intensify pressure to establish 

plantations in biodiversity-rich forests on mineral soils (Paoli et al., 2010). Like biodiversity, 

poverty has also been found to have a trade-off with avoided emissions at the country-scale in 

Costa Rica, Thailand, and Indonesia (Ferraro et al., 2015). Protecting areas not only avoids 

emissions from deforestation, but has also been shown to alleviate poverty (Ferraro et al., 2011). 

Matching areas by their slope and distance to major city establishes a baseline against which to 

measure the amount of additional carbon emissions and poverty alleviation resulting from 

protection (Ferraro et al., 2015). Slopes and distances associated with the most avoided carbon 

emissions are not always those associated with the most poverty alleviation (Ferraro et al., 2015). 

For example, as slope increases in Costa Rica and Thailand, poverty alleviation increases, 

possibly because agriculture is more difficult on steeper slopes, while avoided carbon emissions 

decrease since unproductive land on steeper slopes is more likely to remain forested in the 

absence of protection (Ferraro et al., 2015). Protecting areas with slopes and distances to cities 



Candidate 644562 | Page 27 of 148 

that maximize avoided emissions may do less to alleviate poverty, whereas protecting areas with 

greater poverty may have little effect on avoided emissions (Ferraro et al., 2015). Analyses of the 

trade-offs among carbon, biodiversity, and poverty demonstrate that trade-off strength depends 

on spatial extent and geographic location. Globally, there appears to be a favorable, weak trade-

off between carbon and biodiversity, although stronger trade-offs may emerge over smaller 

extents such as individual countries. Variation over smaller spatial extents makes geographic 

location an important factor in determining the strength of trade-offs because some areas may 

have stronger associations among forest benefits than others, as is the case with carbon storage 

and poverty alleviation. Regardless of the strength of trade-offs among carbon, biodiversity, and 

poverty, the safeguard avoiding leakage must be upheld or else the protection of forests high in 

carbon areas may displace deforestation to low-carbon forests with more biodiversity or higher 

poverty.  

Many studies assessing the potential for REDD+ to deliver additional benefits for 

biodiversity and poverty alleviation examine correlations among spatial data layers representing 

multiple forest benefits (Ferraro et al., 2015; Murray et al., 2015; Paoli et al., 2010; Siikamaki 

and Newbold, 2012; Strassburg et al., 2010). Simple correlations, however, may hide more 

complex spatial relationships (Forest et al., 2007). Some studies such as Venter et al. (2009) hold 

the amount of funding constant to reduce deforestation by a given amount and adjust the 

proportion of funding allocated to avoided deforestation and biodiversity. The result is a trade-

off which shows the amount of avoided emissions possible while protecting different numbers of 

species with a fixed budget (Venter et al., 2009). Thomas et al. (2013) employ a related approach 

to assess the carbon-biodiversity trade-off, except instead of using countries as the unit of 

analysis as in Venter et al. (2009), they use 50 km grid cells for the New World and 2 km grid 
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cells for Great Britain. Similarly, the amount of area protected is held constant and weights on 

carbon stocks and biodiversity are adjusted to uncover the trade-off showing the proportions of 

biodiversity possible to protect for different proportions of carbon (Thomas et al., 2013). 

Correlations may miss sub-regions where high levels of multiple benefits can be protected 

because they assess the correspondence between carbon and biodiversity data layers for all units 

in the extent of the analysis. Trade-offs only assess the correspondence between areas with the 

highest carbon stocks or avoided emissions and biodiversity in a subset of units in the extent of 

the analysis, revealing possible sub-regions where multiple benefits can be secured. Analyzing 

trade-offs over smaller extents and units is a step forward in understanding the spatial 

relationship between carbon and biodiversity because the strength of trade-offs may vary by 

location and data resolution (Thomas et al., 2013).  

Analysis of trade-offs among higher-resolution spatial data for multiple benefits may be 

refined by limiting the study extent to areas where avoided emissions are economically viable. 

Venter et al. (2009) correctly consider the differing costs for avoided emissions among countries. 

The opportunity cost of agriculture is the main cost of avoided deforestation, although there are 

also implementation and transaction costs (World Bank, 2011). The high economic returns that 

could be gained from converting forested areas to agricultural land makes protecting forests 

expensive (Butler et al., 2009; Fisher et al., 2011). Implementation costs to reduce leakage, for 

example by increasing agricultural yields on existing cropland, may also be considerable (Fisher 

et al., 2011). Revenues from avoided emissions, calculated by multiplying carbon stocks in high-

threat areas by a factor to convert biomass to atmospheric CO2
 emissions and the price of carbon 

per ton of emissions, offset the costs of REDD+. Subtracting REDD+ costs from avoided 

emissions revenues show where REDD+ is economically viable. The extent of analysis of high-
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resolution trade-offs among multiple forest benefits should therefore firstly be limited to areas at 

risk of deforestation and secondly be limited to areas where REDD+ is economically viable to 

focus on trade-offs where REDD+ is likely to be implemented. 

Measuring trade-offs among forest benefits on a country scale helps decision makers 

negotiate on what levels of benefits to protect in order to maximize financial value. People 

benefit from the services ecosystems provide at multiple scales. The scale of the ecosystem that 

delivers services does not always match the scale at which humans value those services (de 

Groot et al., 2002). For instance, forests store carbon locally in the tropics, yet the role of carbon 

storage in stabilizing global climate is valued internationally. Since the local values of forests 

from destructive activities such as logging may be high, the international community must pay 

national governments to make up for the cost of foregone economic opportunities to maintain 

carbon stocks for climate stabilization (Kremen et al., 2000). Forests also deliver services valued 

locally which do not preclude their ability to store carbon such as supporting biodiversity and 

providing forest products including fuelwood and charcoal. Local people may value biodiversity 

because it regulates ecosystem processes underpinning ecosystem services, directly contributes 

to ecosystem services, and is a good that has value in and of itself (Mace et al., 2012). In addition 

to the provision of forest products, forests offer other ecosystem services valued locally which do 

not prevent forests from storing carbon such as maintaining watershed functions, local climate, 

soils and biogeochemical processes, and water quality (Stickler et al., 2013). When assessing the 

optimal level of forest benefits to protect, decision makers may choose to receive less 

international financing for carbon storage if they could substantially increase the amount of 

biodiversity and access to forest products to people in poverty. In this case, the financial gain of 

increasing the provision of local ecosystem services would outweigh the financial losses of 
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reducing carbon storage. Since estimating the financial value of biodiversity is difficult, 

countries may want to set thresholds for the amount that they protect and test how picking 

different thresholds affects the levels of other ecosystem services (Bateman et al., 2013). For 

example, a study of spatial planning for ecosystem services in the United Kingdom compares the 

spatial distribution of management scenarios maximizing all ecosystem services to the 

distribution which maximizes ecosystem services with a constraint of no net loss of wild bird 

diversity (Bateman et al., 2013). In this way, the opportunity cost of conserving biodiversity 

could be measured by examining the effect of the constraint on the level of ecosystem services 

maintained (Bateman et al., 2013).  

Measuring trade-offs among forest benefits also helps countries negotiate on what levels 

to protect based on non-financial values. Trade-offs collapse multiple forms of value down into 

economic value (Hirsch et al., 2011). For instance, trading off biodiversity against carbon stocks 

reduces the value of biodiversity to foregone carbon revenues since carbon is widely 

commoditized and biodiversity does not have a clear value (Phelps et al., 2012). There may be 

other reasons why decision makers would want to conserve biodiversity such as for its intrinsic 

value (Phelps et al., 2010). Carbon, biodiversity, and forest products are properties of ecosystems 

that may have biophysical, socio-cultural, or economic value (de Groot et al., 2010, 2002; 

Gómez-Baggethun and Barton, 2013). Socio-cultural and economic values are those that people 

impose on biophysical quantities of ecosystem services (Martín-López et al., 2014). In Doñana 

National Park in southwest Spain, socio-cultural and economic values measured by surveys of 

social preferences and various economic valuation techniques, respectively, diverged for 

different ecosystem services (Martín-López et al., 2014). The socio-cultural value of water 

quality, climate regulation, ecotourism, environmental education, and satisfaction for conserving 
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biodiversity is highly recognized in Doñana (Martín-López et al., 2014). Out of these services, 

only ecotourism has a high economic value (Martín-López et al., 2014). In Kenya, decision 

makers may value biodiversity because it is part of a national or regional identity. They may also 

value access to forest products by greater numbers of the people who rely on them to supplement 

their incomes, indicated by the distribution of poverty density in forested areas. While not a 

physical property of ecosystems, decision makers may additionally value the distribution of 

carbon payments to a greater number of people below the poverty line because these payments 

will increase their incomes by a proportionally greater amount than those who are better off. 

Measuring trade-offs in biophysical units and units of poverty density allows space for value 

pluralism. Decision makers with different values may use them to negotiate on what levels of 

carbon finance, biodiversity conservation, and poverty alleviation they deem acceptable. The 

trade-offs are invaluable because they give spatial reference to decisions about how much to 

prioritize certain benefits. Decision makers wishing to prioritize biodiversity and poverty 

alleviation may encounter resistance from other decision makers who claim that this will lead to 

significant reductions in carbon stocks and in turn payments for avoided emissions. Trade-offs 

that show a slight loss in carbon stocks results in disproportionate gains in biodiversity and 

poverty alleviation would strengthen the argument for prioritizing non-carbon benefits because 

they would not substantially reduce the amount of carbon protected. Faced with the pressure to 

maximize profits from avoided emissions, the identification of favorable trade-offs among forest 

benefits would provide a powerful rationale for demanding that REDD+ deliver greater benefits 

for biodiversity and livelihoods. 
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ABSTRACT 

Determining emissions from deforestation under a business-as-usual scenario offers a 

reference against which to measure avoided emissions from reduced deforestation and 

degradation (REDD+). Reference emission levels (RELs) are important because they indicate the 

level of avoided emissions possible through reduced deforestation and how much money 

countries are eligible to receive from REDD+. Methods for calculating RELs are not always 

spatially explicit. Aggregate measures of historical deforestation or future deforestation predicted 

by models of development may form the basis of RELs. Spatially explicit models of 

deforestation, however, provide complementary information with advantages for REDD+ 

planning. In this study, the first spatially explicit deforestation model is built for the whole of 

Kenya partly using data collected on the national level. Data on deforestation from 2007-12 and 

its potential drivers are used to parameterize the model and generate predictions of deforestation 

in 2013-18. The model has immediate relevance to REDD+ planning in Kenya because it 

identifies deforestation drivers and hotspots, as well as a national REL. The model also reports 

uncertainty in the predictions propagated from the estimation of parameters, which has financial 

implications when establishing the REL. At a price of US$ 8.60 / tCO2e, reducing uncertainty by 

collecting more, higher-resolution data could increase Kenya’s potential REDD+ revenues by 

US$ 10.3 million (3.6% of total revenue). The model for Kenya is a case study for how similar 

models could be used to prioritize regions for REDD+ intervention, develop strategies to address 

key deforestation drivers, and estimate the value of refining REL estimates. 
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INTRODUCTION 

Activities that seek to reduce emissions from deforestation and degradation (REDD+) 

require a reference against which to measure reductions. The reference represents emissions 

under a business-as-usual scenario (BAU). REDD+ activities produce “additional” emission 

reductions that contribute to climate change mitigation if they result in lower emissions than the 

reference (Angelsen 2008). Emissions from deforestation are commonly defined as the product 

of activities (i.e. area deforested in hectares) and emission factors (i.e. carbon emitted per hectare 

of forest loss) (Angelsen et al. 2012). It follows that the reduction in emissions is the difference 

between this product and the reference emissions: 

Emission reductions = (activities * emission factors) – reference emissions 

Reference emissions are also measured as the product of activities and emission factors, although 

they incorporate activities that would have taken place in the absence of REDD+. Establishing 

reference emissions is often the first step for both national and project-scale REDD+ initiatives 

because they are the baseline for determining the effectiveness of interventions to reduce 

emissions. 

The United Nations Framework Convention on Climate Change (UNFCCC) requires 

countries undertaking REDD+ activities to develop national forest reference emissions levels 

(RELs) (UNFCCC 2010). The UNFCCC provides guidance on setting RELs, although it does 

not outline specific instructions on how to do so (UNFCCC 2011). In general, there are two ways 

of establishing RELs from activity data: they may either be based on historical rates of 

deforestation from the recent past or on projected BAU deforestation (Gutman and Aguilar-

Amuchastegui 2012). Activity data are then multiplied by emission factors to find historical or 

future emissions. Emission factors vary across different carbon pools; the IPCC offers three tiers 

for reporting them according to their level of detail and accuracy (IPCC 2003; IPCC 2006; 
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GOFC-GOLD 2014). In establishing RELs, the activity data and emission factors could be 

aggregate values reported for the national level relating total deforestation and average carbon 

stocks. For example, Brazil and Norway agreed to use average deforestation over the past 10 

years, updated every 5 years as the REL for the Amazon Fund in Brazil (Angelsen et al. 2012). 

Similarly, other countries could use national statistics of forest area by year from the Food and 

Agriculture Organization (FAO) to establish their RELs (FAO 2010). RELs could also be spatial. 

For instance, deforestation could be tracked by classifying deforestation in images captured by 

remote sensing over time. Multiplying historical deforestation by a map of carbon stocks would 

yield historical emissions from deforestation (Harris et al. 2012). The same is true for future 

BAU activity data. Future deforestation could be made spatially explicit by building more 

sophisticated models (Huettner et al. 2009). Again, multiplying projected deforestation by maps 

of carbon stocks would generate future emissions. There is debate over whether to use spatially 

explicit or non-spatial deforestation for RELs at the national level. Some claim that spatially 

explicit models are sufficiently accurate at measuring historical deforestation for determining 

RELs (Olander et al. 2008). Others argue that spatially explicit models may not be accurate 

enough and call for simpler, coarse-scale baselines (Sloan and Pelletier 2012). Furthermore, 

countries may lack the forest monitoring capacities to acquire reliable historical activity data on 

deforestation to generate spatially explicit maps of deforestation or to use as input for models 

that predict future deforestation (Meridian Institute 2011; Romijn et al. 2012). 

Unlike national RELs, project-level RELs are more often spatial. The Verified Carbon 

Standard, currently the most widespread standard in the voluntary forest carbon market, has four 

approved methodologies for establishing RELs for avoided unplanned deforestation projects 

(Angelsen et al. 2012). All four of the methodologies require modeling average deforestation in 
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the reference region over at least the previous ten years to project future deforestation (Shoch et 

al. 2011). Two of the four methodologies require spatial modeling of deforestation based on 

spatial drivers such as digital elevation models and road networks (Shoch et al. 2011). Emissions 

factors are matched to specific pixels on a map where spatial modeling is included in 

establishing the REL to calculate baseline emissions. 

Even though their use in establishing RELs on a national level is less widely accepted, 

spatially explicit models of deforestation may offer complementary information for REDD+ 

planning. They show where forests are at high risk of deforestation, helping countries prioritize 

where to implement REDD+ activities. Combined with data on the distribution of carbon stocks, 

maps of deforestation reveal where forested areas with high carbon stocks are under high 

deforestation pressure. Countries may wish to intervene in these areas first to reduce the most 

emissions (Harris et al. 2008). Countries may additionally want to prioritize the implementation 

of REDD+ activities in areas where forests at high risk of deforestation coincide with other forest 

benefits (Miles and Kapos 2008). Maps of future deforestation go beyond showing where carbon 

and other forest benefits overlap by showing where these benefits are found in forests that may 

be lost, eligible for protection under REDD+ (UNEP-WCMC 2008; Venter et al. 2009; 

Strassburg et al. 2010; Ferraro et al. 2015). Countries may prefer to intervene in at-risk forests 

that protect biodiversity and minimize harm to local livelihoods. Spatially explicit models also 

identify immediate drivers of deforestation. Identifying drivers may allow countries to develop 

interventions to address them (Kissinger et al. 2012).  

Spatially explicit models of deforestation that are probabilistic and quantify uncertainty 

around predictions offer further information for REDD+ planning (Rosa et al. 2013). Countries 

will likely prioritize areas according to the probability of deforestation and level of certainty. 
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Where the probability of deforestation is the same, they may prioritize areas with higher 

certainty. Where the level of certainty is the same, they may prioritize areas with a higher 

probability of deforestation. In some cases, countries may prioritize areas where the probability 

of deforestation is lower and the certainty is higher. For example, a risk-averse country may 

choose to prioritize an area with a moderate probability of deforestation and high certainty over 

an area with a high deforestation probability and low certainty. The quantification of uncertainty 

in predictions of forest loss also shows that there is financial value to reducing it similar to the 

value in reducing the uncertainty in estimates of carbon stocks (Pelletier et al. 2012). National 

estimates of the uncertainty in the area of predicted forest lost will assist countries in deciding 

whether it makes financial sense to collect more detailed data to reduce this uncertainty. 

Here I build a national-scale, spatially explicit model of deforestation for Kenya to 

demonstrate how it may be used to facilitate REDD+ planning. Kenya is a UN-REDD partner 

country and a participant country in the World Bank’s Forest Carbon Partnership Facility (FCPF) 

(UN-REDD Programme 2010). Kenya submitted a Readiness Preparation Proposal (R-PP) to the 

FCPF and funds were authorized to be disbursed to help it plan for REDD+ (KFS 2010; UN-

REDD Programme 2012). Kenya’s R-PP does not emphasize spatial modeling of future 

deforestation in its plans to establish its REL, although there may be benefits to developing such 

a model in pursuit of other REDD+ objectives (KFS 2010). Kenya may want to prioritize 

REDD+ activities in areas with a high risk of deforestation and high carbon stocks to optimize 

emissions reductions. A set of draft REDD+ safeguards adopted by the conference of parties to 

the UNFCCC at Cancun in 2010 require countries to consider its effects on local people and 

biodiversity. Kenya’s R-PP states that it will design its REDD+ activities with a focus on 

enhancing local livelihoods and biodiversity (KFS 2010). As such, Kenya may prioritize REDD+ 
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activities in forests under high pressure of deforestation that deliver benefits to livelihoods and 

biodiversity. Kenya has attempted to identify drivers to aid in selecting strategy options for 

addressing them in its R-PP and through an independent study (KFS 2010; Kenya Ministry of 

Forestry and Wildlife 2013). A spatially explicit model of deforestation will help Kenya continue 

to refine its understanding of drivers. I present an operational model for how deforestation can be 

mapped with a reasonable level of accuracy, drivers can be identified, and uncertainty can be 

reported. Other methods and tools for building spatial models of deforestation may be used to a 

similar effect (Pontius Jr et al. 2001; Verburg et al. 2002). I show that such models provide 

valuable information for REDD+ planning. 
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METHODS 

Data collection and preprocessing 

Data on observed deforestation were collected from 30 m resolution Landsat imagery. 

Hansen et al. (2013) report percent canopy closure for all vegetation greater than 5 m tall in 

2000. The Kenya Forest Service defines forest as areas with greater than 15% canopy closure 

and vegetation above 2 m in height (KFS 2010). In line with the KFS forest definition, 2000 

forest cover data were masked to > 15% canopy closure. Hansen et al. also offer data on 

deforestation from 2001-2012. They define deforestation as a change from at least 1% canopy 

cover to 0% canopy cover. Deforestation taking place within the masked region represents a loss 

of forest with greater than 15% canopy closure, i.e. a change from > 15% to 0% canopy cover. 

The deforestation data were then resampled to a 1 km resolution. The deforestation data were 

further processed by dividing them into two equal, six-year periods from 2001-2006 and 2007-12 

(Fig. 1). The data were divided in this way to test how well deforestation in the first period 

predict deforestation in the second. 

Direct drivers of deforestation in Kenya include agricultural expansion, timber 

harvesting, charcoal production, grazing, and poor governance (Kissinger et al. 2012). Data 

representing drivers are available from a variety of governmental and non-governmental sources 

such as the Kenya Bureau of National Statistics (KNBS), Survey of Kenya (SOK), World 

Resources Institute (WRI), International Livestock Research Institute (ILRI), and others. I made 

every effort to acquire the most recent data or at least data from near the 2001-12 time window 

of observed deforestation. I preferred national datasets over global products, e.g. national census 

data on population levels versus global estimates from satellite imagery of roads, settlements, 

and lights at night. I included census data on population and poverty at the sublocation level, the 

lowest administrative level. In many cases, I interpreted the intensity of drivers as the distance to 
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points, lines, or polygons such as cities, roads, or waterbodies (Fig. 2). I projected feature data 

into Universal Transverse Mercator coordinates and applied the Euclidean Distance tool in 

ArcGIS to find the distance from these features in meters. As an equatorial country, longitudinal 

and angular projection distortion is negligible in Kenya. Finally, all datasets were resampled to a 

1 km resolution. I list the drivers, datasets representing drivers, years the datasets cover or their 

source date, the sources of the datasets, and their source resolutions in Table 1. I provide the 

source resolutions for raster data or vector data derived from raster data (e.g. location of active 

fires). I mark the resolution as “Not Applicable” (NA) for vector data that either were not 

derived from remote sensing (e.g. census data) or may have been derived from remote sensing at 

an unknown resolution (e.g. distance to rivers). The datasets in Table 1 are continuous except for 

those denoting protected status, which are categorical (1 = protected, 0 = no protection) (Fig. 2). 

Correlation among the predictors, known as “multicollinearity,” may potentially bias the 

interpretation of model parameters and reduce model accuracy when making predictions beyond 

the data it was trained on (Dormann et al. 2013). Since I am interested in the association between 

drivers and deforestation, I sought to remove correlated predictors. I used the R package “usdm” 

to drop the predictor with the highest Variance Inflation Factor (VIF) from my data frame, 

recalculate the VIFs, and repeat this process until all VIFs were smaller than a pre-selected 

threshold (Naimi 2013). I used a stringent threshold of VIF > 2, recommended when there may 

be weak associations between predictor and response data (Zuur et al. 2010). After screening the 

data for collinearity, 16 sets of driver data with VIF < 2 were used as model inputs (Table 2). 

Model structure 

Data on deforestation consist of observations of whether a cell, i, was deforested or not 

from 2007-12. I also have data for each i on potential drivers of deforestation. My goal is to 
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relate binary deforestation data to continuous driver data. This is possible using a model that 

defines the probability of deforestation in cell i, Pdefori, as a function of drivers. One type of 

model, commonly used to predict the probability of the presence or absence of species, defines 

Pdefori as a function of parameters describing Gaussian distributions. That is, the probability of 

deforestation follows a Gaussian distribution in response to individual drivers and is highest at 

the optimum level of a given driver. For example, Pdefori may be highest a short distance away 

from cities and lower directly adjacent to cities and farther away from cities. The Gaussian 

distribution returns a value of one for Pdefori when the driver is at its optimum (optCities), and 

otherwise returns a value less than one, depending on how the optimum driver levels compares to 

the standard deviation (σCities), which specifies the width of the distribution. The standard 

deviation tells us how sensitive the probability of deforestation is to small changes in the 

parameter value for the optimum driver level. The smaller the standard deviation, the more 

quickly the probability of deforestation drops moving away from the optimum value for 

deforestation. The Gaussian distribution describes a response variable, Pdefori that must be 

positive and must return a value between 0 and 1 for driver variables in the range of +/- infinity. 

The expression below is for the Gaussian response of Pdefori to a given driver: 

𝑒
−

(𝐷−𝑜𝑝𝑡)2

2𝜎2  

where D is the driver value, opt is the value of the driver for which Pdefori is highest, and σ is 

the standard deviation of the probability distribution of Pdefori over the range of driver values. 

Together for multiple drivers, the final function for Pdefori is below. See Table 1 for a full list of 

drivers initially considered in the model. Pdeformax is the maximum probability of deforestation 

under the optimal conditions for deforestation defined by the optimum values for deforestation 

for the set of drivers.  
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𝑃𝑑𝑒𝑓𝑜𝑟𝑖(𝐷𝑟𝑖𝑣𝑒𝑟1, 𝐷𝑟𝑖𝑣𝑒𝑟2, 𝐷𝑟𝑖𝑣𝑒𝑟3. . . )  = 

𝑃𝑑𝑒𝑓𝑜𝑟𝑚𝑎𝑥𝑒
−

(𝐷𝑟𝑖𝑣𝑒𝑟1−𝑜𝑝𝑡𝐷𝑟𝑖𝑣𝑒𝑟1)
2

2𝜎𝐷𝑟𝑖𝑣𝑒𝑟1
2

𝑒
−

(𝐷𝑟𝑖𝑣𝑒𝑟2−𝑜𝑝𝑡𝐷𝑟𝑖𝑣𝑒𝑟2)
2

2𝜎𝐷𝑟𝑖𝑣𝑒𝑟2
2

𝑒
−

(𝐷𝑟𝑖𝑣𝑒𝑟3−𝑜𝑝𝑡𝐷𝑟𝑖𝑣𝑒𝑟3)
2

2𝜎𝐷𝑟𝑖𝑣𝑒𝑟3
2

 … 

Bayesian inference 

Bayes’ Rule states 

𝑃(𝜃|𝑋) = (𝑃(𝑋|𝜃)𝑃(𝜃)) / 𝑃(𝑋) 

where θ are the model parameters; X is the observed data; P(θ|X), the target of estimation, is the 

posterior probability of the parameters given the data; P(X|θ) is the likelihood of the data given 

the parameters; P(θ) is the prior probability of the parameters; and P(X) is the evidence. Markov 

Chain Monte Carlo (MCMC) sampling can be used to estimate the posterior without having to 

calculate the evidence since 

𝑃(𝜃|𝑋)  ∝  𝑃(𝑋|𝜃)𝑃(𝜃) 

To carry out parameter estimation, I must therefore define the likelihood function and the prior. 

Likelihood function 

The model is based around Pdefor, the probability between 0 and 1 that a cell becomes 

deforested. The value of 1 represents a deforestation event and 0 represents a cell remaining 

forested. I assume the underlying distribution deforestation events are drawn from is a Bernoulli 

distribution, where the value of 1 has probability P and the value of 0 has probability (1 - P). By 

using the Bernoulli distribution, each deforestation event is treated as independent of others. 

I define the likelihood function for the Bernoulli distribution as the product of the 

probabilities of cells becoming deforested or remaining forested according to the model’s 

parameters (θ) compared to the observed data (X). The likelihood function may also be written 

as L(X|θ) since the data remain constant and the parameters vary, although it is shown here as 
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L(θ|X) to emphasize that the likelihood is a function of varying parameters θ. The probability of 

deforestation in cell i is Pdefori if deforestation was observed in that cell (obsi = 1) and (1 - 

Pdefori) if the cell remained forested (obsi = 0). 

𝐿(𝜃|𝑋) = ∏ 𝑃𝑑𝑒𝑓𝑜𝑟𝑖
𝑜𝑏𝑠𝑖  (1 − 𝑃𝑑𝑒𝑓𝑜𝑟𝑖)

1−𝑜𝑏𝑠𝑖

𝑛

𝑖=1

 

Products become sums when computing the log-likelihood. 

𝐿(𝜃|𝑋) = ∑ 𝑜𝑏𝑠𝑖 𝑙𝑜𝑔(𝑃𝑑𝑒𝑓𝑜𝑟𝑖) + (1 − 𝑜𝑏𝑠𝑖) 𝑙𝑜𝑔(1 − 𝑃𝑑𝑒𝑓𝑜𝑟𝑖)

𝑛

𝑖=1

 

Prior 

I used flat, uninformative priors for the opt and σ parameters for the distribution of 

Pdefori in response to each driver variable. The flat prior assigns a likelihood of 1 to the range of 

possible values of the parameter. All values outside of this range have a likelihood of 0. In other 

words, all parameter values that fall within the specified range are equally likely. The reason for 

using flat priors was that I had no strong prior knowledge about the influence of any of the 

drivers on the probability of deforestation. A potential advantage to using flat priors is that they 

eliminate any subjectivity in the fit of the model. A limitation is that they ignore pre-established 

information regarding the effects of the drivers on deforestation. Using flat priors reduces the 

estimation of the posterior to the likelihood function. 

When P(θ) = 1, the posterior is proportional to the likelihood. 

𝑃(𝜃|𝑋)  ∝  𝑃(𝑋|𝜃) 

The likelihood, P(X|θ), is also expressed as L(θ|X). 

𝑃(𝜃|𝑋)  ∝  𝐿(𝜃|𝑋) 
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Parameter estimation 

To parameterize my model, I used “Filzbach,” a freely available C library that can be run 

from R (http://research.microsoft.com/en-us/projects/filzbach/). Filzbach uses the Metropolis 

Hastings algorithm for MCMC sampling of the posterior distribution. The posterior is the multi-

dimensional joint probability distribution of all model parameters over their range of possible 

values defined by their priors. The algorithm sequentially draws parameter sets from their prior 

distributions and calculates their likelihood given the observed deforestation data with the 

likelihood function. According to the algorithm, a change in the model parameters is always 

accepted if the likelihood is higher and only accepted by chance if the likelihood is lower. In the 

long run, the number of times the algorithm accepts a set of parameter values is proportional to 

the probability of those parameter values in the model. For each parameter, Filzbach returns a 

posterior probability distribution based on the frequencies with which different values of the 

parameter appear in parameter sets accepted by the algorithm. From a posterior parameter 

distribution, I can extract a median and credible interval for that parameter. 

Variable selection 

After the initial screening the driver variables for collinearity, I performed forward 

stepwise variable selection to identify which to include in the model. Upon parameterizing a 

model, Filzbach returns the model’s Akaike information criterion (AIC). The AIC is a relative 

measure of how closely the model predictions fit the observed data. Models with relatively lower 

AIC have a better fit. AIC penalizes the addition of predictors to the model, allowing for a fair 

comparison of models with differing numbers of predictors. I started by calculating the AIC of 

the null model with a single predictor having a constant value across all cells. The predictor in 

the null model adds no explanatory power because it does not vary with observed deforestation. I 

http://research.microsoft.com/en-us/projects/filzbach/
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then tested the fit of all models with a single predictor. I substituted each predictor into the model 

and calculated the model’s AIC. The predictor in the model with the lowest AIC was kept and 

the process was repeated for the second predictor. I continued to add predictors in this manner 

until the addition of a predictor increased the AIC. At this point, the addition of predictors 

worsened the fit of the model. Once completed, I was left with a subset of predictors that best 

predict observed deforestation for use in the final model. 

Making predictions 

Once the posterior distribution of the parameters has been estimated, the uncertainty in 

the parameters can be propagated to the predictions of deforestation. To propagate uncertainty, 

each set of parameters in the Markov chain was substituted into the model. The model was then 

used to generate predictions of deforestation in each cell in Kenya. Substituting all sets of 

parameters from the Markov chain into the model and generating predictions produces a series of 

predictions for each cell. The frequency with which models with given parameter sets from the 

Markov chain make a certain prediction is proportional to the probability of that prediction. The 

result of uncertainty propagation is a probability distribution for the probability of deforestation 

in each cell. Predictions were made for 2007-12 to assess the model’s accuracy by comparing 

them to observed deforestation data from the same period which were not used to fit the model. 

Predictions were also made for 2013-18 by substituting data on the distance to previous 

deforestation from 2001-06 with data from 2007-12. Similar to the posterior parameter 

distributions, I can extract a median and confidence interval from the distributions of the 

predictions of the probability of deforestation. I plotted the median and size of the credible 

interval for the distribution of deforestation from 2013-18 in each cell according to its 
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geographic coordinates to create maps of the median probability of future deforestation and its 

associated uncertainty.  

I also propagated uncertainty in the parameters to predictions of total deforestation from 

2013-18 in Kenya, aggregating across cells. As before, I started by substituting each set of 

parameters in the Markov chain into the model and using the model to make predictions of the 

probability of deforestation on the cell level. The Markov chain had ~1,500 parameter sets. As 

explained in the section below on subsampling for variable selection and map generation, I 

subsampled ~3,000 cells from the ~83,500 cells with > 15% canopy cover in 2000. The resulting 

matrix of predictions for all parameter sets in the Markov chain had 3,000 rows equal to the 

number of cells and 1,500 columns equal to the number of parameter sets in the Markov chain.  

In the first row of the first column, I compared the predicted deforestation probability from the 

model to a random number drawn from a uniform distribution between zero and one. If the 

predicted probability was greater than this number, then the cell was considered deforested. If the 

probability was less, then the cell was left forested. I iterated this procedure over every row in 

the first column to get a column of 3,000 predictions showing whether cells were deforested or 

not. I then found the sum of the number of cells that were deforested. For the first column, I 

repeated the comparison between cell predictions and randomly drawn numbers 20 times, each 

time finding the sum of deforested cells. Next, I calculated the mean of the 20 sums of the 

number of deforested cells for the first column. I then moved on to the second column. I 

continued until I had applied the same process for calculating the mean number of deforested 

cells to all 1,500 columns in the matrix. I was left with a vector of 1,500 mean sums of 

deforestation. I divided the sums by the 83,500 forested cells in 2000 to find the proportion of 

deforestation. For each parameter set in the Markov chain, I now had a mean proportion of 
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deforestation. The frequency of the mean proportion of deforestation among all parameter sets is 

proportional to its probability. I plotted the probability distribution of the proportion of 

deforestation in Kenya and reported its mean and 95% credible interval. 

Cross validation 

By adding enough predictors and adapting the model structure, any model can accurately 

predict the data it was trained on, but this comes at the cost of making inaccurate predictions for 

data the model has not been exposed to (“overfitting.”). To check the accuracy of the model 

against unknown data, I conduct five-fold cross-validation. In cross-validation, both the predictor 

and response data are broken up into “training” and “test” data. First, the model is calibrated with 

the training data. Then, the model is used to make predictions from the test data. Lastly, the 

predictions from the test data are compared to the actual values to determine how accurately the 

model predicts data that was not used to calibrate it. In five-fold cross validation, the data are 

split into five sections or folds. The model is trained on four sections and the accuracy of its 

predictions is tested on the fifth section. The model is calibrated and its accuracy is assessed five 

times, each time with a different set of four sections as training data and one section left out as 

test data.   

Values of the response data for cells in a gridded landscape may more likely resemble 

values in adjacent cells than values in cells farther away (spatial autocorrelation). The term 

autocorrelation is used because the response data is correlated with itself. If ignored when 

splitting the data, it is possible that the model will appear to more accurately predict the test data 

in some sections more than others. Since the influence of response data on itself is not included 

in the model, predictions may be inaccurate in regions where spatial autocorrelation is high. To 

avoid the problem of spatial autocorrelation, I randomized the splits among the five sections in 
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the data. I did so by assigning each grid cell a random number between one and five (Fig. 3). The 

number of each grid cell indicates which fold it belongs to. 

I compared values predicted by the model calibrated with the training data and actual 

values in the test data with a Receiver Operator Characteristic (ROC) curve. The y-axis of the 

ROC plot has the number of “hits” or true positives and the x-axis has the number of “misses” or 

false positives. True positives occur when the model predicts deforestation in a cell and 

deforestation did in fact occur there. False positives occur when the model predicts deforestation 

in a cell and it did not occur there. Since the model makes predictions in terms of probabilities, it 

does not directly predict whether or not deforestation occurs in a cell. The model expresses 

predictions as the percent chance of deforestation. If the probability is above a certain threshold, 

the model is said to predict that deforestation occurs in a cell. Each point on the ROC curve is the 

proportion of true positives to false positives for a given threshold value. A higher proportion of 

true positives to false positives over a range of thresholds indicates a more accurate model. The 

area under the ROC curve is a measure of the model’s accuracy. The area under the curve (AUC) 

ranges from zero to one. A model with AUC = 0.5 generates predictions which are on average no 

better than random predictions. A model with AUC > 0.5 generates predictions which are better 

than random. The accuracy of a model increases as the AUC approaches one, in which case 

model predictions always match the observed data. A model with AUC < 0.5 generates 

predictions which are worse than random. In this case, the model provides misinformation and it 

would be better to make random predictions than rely on model predictions. I calculated the 

AUC of each of the five models in my five-fold cross validation. I report the mean AUC for the 

five models. ROC curves were plotted and AUC was calculated in the “ROCR” package in R 

(Sing et al. 2005). 
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Subsampling for variable selection and map generation 

Since forward step-wise selection required parameterizing numerous models, I reduced 

the number of data points in my analysis to expedite MCMC sampling in Filzbach. I kept all 

points (~1,500) where deforestation was observed from 2007-12 and took a random subsample 

equal to this number of points (out of ~83,500) where deforestation was not observed over the 

same period. By subsampling the data, I reduced the number of points I parameterized my model 

against to ~3,000. To ensure that subsampling did not bias my results, I tested the sensitivity of 

the model fit to the number of data points the model was parameterized against. I found that the 

fit of the model parameterized against ~3,000 points (AUC = 0.79) did not vary much from the 

fit of the model parameterized against all ~85,000 points (AUC = 0.80) (Fig. 4). Finding that 

subsampling the data on deforestation and its drivers did not substantially affect model fit, I 

parameterized the final model against an equal number of points where deforestation was 

observed and where it was not (~3,000). Parameterizing the model against fewer points increased 

computational speed. I used the inverse distance weighted tool (inverse distance power of 2, 1 

km cell size) in the SAGA toolset in QGIS 2.6 to interpolate the probability of deforestation 

among points. The tool generated continuous surfaces of median deforestation and the 95% 

credible interval. 
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RESULTS 

Out of the 22 datasets representing drivers initially considered for inclusion in the model, 

16 remained after screening for collinearity (VIF > 2) (Table 2). Datasets excluded were often 

redundant with those indicating similar aspects of drivers. Datasets discarded including distance 

to motorable roads, distance to permanent rivers, livestock density from 1994-1996, and 

population growth from 1989-2009 had close analogs that remained under consideration for 

inclusion in the model. Elevation and poverty density were also excluded, but they lacked direct 

analogs. Elevation was excluded because of its association with crop intensity and the 

opportunity cost of land. As elevation increases, crop intensity and opportunity cost decrease 

because land at higher elevations may be less suitable for agriculture. Poverty density was 

excluded because of its association with population density. More people are in poverty in the 

same places where more people are found in general.  

Forward stepwise selection identified seven datasets that increased the explanatory power 

of the model (Table 3). Since Bayesian inference does not test for the significance of the 

association between deforestation and other datasets, the change in AIC was used instead. As 

each dataset was added to the model, the decrease in AIC was recorded to measure the dataset’s 

respective explanatory power. A dataset’s optimum (opt) divided by its standard deviation (std) 

indicates its effect size on deforestation. The ratio shows how sensitive the probability of 

deforestation is to changes in the dataset. A dataset with a low standard deviation relative to its 

optimum has a higher opt/std ratio and a narrower distribution. When the posterior parameter 

distributions for this dataset are propagated to the predictions, deforestation probability will 

decline rapidly with small changes away from the optimum in either the positive or negative 

direction. The size of the effect of changes in the dataset on deforestation will be large for 

datasets with a high opt/std ratio and narrow distribution. The sign of the opt/std ratio denotes the 
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direction of the effect. When the sign is negative, the probability of deforestation decreases as 

the driver value increases. When the sign is positive, the probability of deforestation increases as 

the driver value increases from zero up to the value of the optimum and then decreases again past 

this value. The last column of Table 3 describes the units of measurement for the datasets. For 

example, the opt/std ratio may show the relative magnitude of change in deforestation probability 

for a change in meters from the optimum distance for distance to previous deforestation. In 

contrast, the ratio shows the relative change in deforestation for a change in people/km2 from the 

optimum density for population density. Since the opt/std ratio is measured in terms of different 

units, the effect size of parameters are not directly comparable. Following the previous example, 

the sensitivity of deforestation to small changes away from the optimum differs for datasets 

measured on a scale of meters versus people/km2. 

The change in the AIC and opt/std ratio indicate the strength of the association between a 

dataset and deforestation as well as the effect size of a change in the dataset’s value on 

deforestation. Datasets identified by forward stepwise selection which represent the driver of 

agricultural expansion are the most numerous, although they have relatively lower explanatory 

power. While fewer in number, datasets representing the drivers of accessibility and extraction 

are more strongly associated with deforestation. Whether a forest is protected or not appears to 

be unrelated to deforestation. Distance to previous deforestation has an explanatory power that’s 

an order of magnitude higher than that of the other datasets (Table 3). Its effect size is also an 

order of magnitude greater than that of the other datasets measured in meters. Distance to 

previous deforestation is strongly associated with deforestation and the probability of 

deforestation decreases much more rapidly with distance from previous deforestation than it does 

from the other parameters. The explanatory power of distance to roads is higher than that of 
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distance to active fires and intermittent rivers, however its effect size is much smaller (Table 3). 

The explanatory power and effect size of distance to active fires and intermittent rivers are 

similar, although the effects are in opposite directions. Deforestation probability decreases less 

rapidly with distance from roads than with distance to fires. The probability of deforestation 

changes at the same rate with distance from active fires and intermittent rivers, but deforestation 

decreases with distance from fires and increases with distance from rivers. Population density 

has the second highest explanatory power and effect size, but its effect size can’t be compared to 

that of other datasets because of differing units (Table 3). Population drives deforestation in a 

way that runs counter to expectations. Deforestation probability decreases with higher population 

densities, i.e. deforestation probability is higher in low population density regions rather than 

high density regions. Slope and opportunity cost have the lowest explanatory power (Table 3). 

For the same reason as distance to deforestation, their effect sizes can’t be compared to those of 

other datasets. Deforestation probability decreases with steeper slopes and increases with the 

opportunity cost of land. 

The model generated a map of predictions of deforestation from 2013-2018 and a map of 

the associated 95% interval of uncertainty (Fig. 5). At the national level, hotspots of 

deforestation (≥ 75%) are in the Rift Valley south of Kisumu and north of Eldoret as well as in 

the central and southern coast near Mombasa. These areas have relatively low uncertainty (5-

10%) south of Kisumu and higher uncertainty (10-15%) north of Eldoret and on the central and 

southern coast. Additional areas of high uncertainty (≥ 15%) include the border west of Kisumu 

and Eldoret as well as areas in the Rift Valley south of Kisumu, although these areas have a 

relatively low probability of deforestation (≤ 50%) excluding the border northwest of Eldoret. 

The map of the median predictions of deforestation probability for Kenya’s water towers shows 



Candidate 644562 | Page 64 of 148 

that probability is highest (≥ 75%) in the Mau Complex and Cherangani Hills (Fig. 6). The 

greatest uncertainty (≥ 15%) is in Mt. Elgon, throughout the Cherangani Hills, and southwest of 

the Mau Complex (Fig. 7). The probability distribution of the total proportion of deforestation in 

2013-18 across Kenya has a mean of 1.68% and 95% credible interval of (1.62%, 1.73%) (Fig. 

8). 

Five-fold cross validation indicates that the model is good at discriminating areas of 

deforestation from areas of no change (average AUC = 0.8) (Fig. 9). A perfect model that always 

correctly discriminates deforestation from no change has AUC = 1.0 and a model with no 

discriminative value has AUC = 0.5. The acceptability of an AUC score depends on the cost of 

false positives or Type I errors in a particular context. When the cost of false positives is very 

high, AUC scores must be higher in order to be deemed acceptable. In the case of cancer 

diagnostics, where a false diagnosis may lead to adverse health effects from treatment, good 

AUC scores are considered to be between 0.8-0.9 (El Khouli et al. 2009). Given that the 

threshold for a good AUC score is likely to be higher for predicting cancer than deforestation 

since the costs of a false positive are greater, AUC = 0.8 should be interpreted as an excellent 

score in the context of predicting deforestation. 
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DISCUSSION 

Prioritizing areas 

Information from the model may be used for prioritizing where to focus REDD+ efforts. 

The map of the probability of deforestation shows which areas are under the greatest threat (Fig. 

5). The associated uncertainty map shows where these predictions are most certain (Fig. 5). 

Maps of the deforestation probability and associated uncertainty for the water towers show 

which areas to prioritize in greater detail (Figs. 6 & 7). Areas with a high probability of 

deforestation and low uncertainty are the highest priority, namely the forests in the Mau 

Complex. Areas with a high probability and high uncertainty such as the Cherangani Hills and 

east side of Mt. Elgon are less of a priority because the probability of deforestation may be 

higher or lower than the median values predicted. Lower priority areas including the forests in 

the western Mau Complex have a low probability of deforestation and high uncertainty. These 

areas may still be relevant to REDD+ since deforestation could be higher than the median 

predictions on account of greater uncertainty. Areas with the lowest priority such as the east side 

of Mt. Kenya have a low probability of deforestation and low uncertainty. The distribution of 

deforestation threat may serve as the initial layer of a spatial analysis of which areas to prioritize. 

The threat of deforestation establishes which forests are eligible for REDD+ because of the 

potential for avoided carbon emissions. Economic data may be incorporated to assess where the 

protection of eligible forests is economically viable. Multiplying the spatial distribution of 

carbon stocks by a price for carbon emissions reductions yields potential REDD+ revenues. 

Subtracting the opportunity cost of land, the highest cost of REDD+, as well as transaction and 

implementation costs from potential carbon revenues would show which areas are profitable for 

REDD+ (Naidoo and Iwamura 2007; World Bank 2011). Among the sites that are both eligible 

and profitable for REDD+, countries may prioritize areas that house biodiversity and provide 
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benefits to livelihoods. Incorporating the distribution of eligible and profitable forests in analyses 

of the congruence between carbon, biodiversity, and livelihoods may alter priority regions for 

REDD+ (Venter et al. 2009; Strassburg et al. 2010; Siikamaki and Newbold 2012; Ferraro et al. 

2015). 

Identifying drivers 

As well as prioritizing areas for REDD+, the model may be used to determine which 

drivers are associated with deforestation, the strength of these associations, whether the effect of 

drivers on deforestation is positive or negative, and, in cases where the units of drivers are the 

same, the relative effect size of drivers on deforestation. Two drivers related to accessibility, one 

related to extraction, and four related to agriculture emerge as drivers associated with 

deforestation in the model (Table 3).  

Drivers in the model related to accessibility include distance to previous deforestation 

and distance to major roads. Distance to previous deforestation from 2001-06 had an association 

with deforestation from 2007-12 that was an order of magnitude greater than that of the other 

drivers (Table 3). The negative effect of distance to previous deforestation means that 

deforestation increases in areas closer to areas that were previously deforested. The effect size of 

distance to previous deforestation is more than five times greater than those of the other drivers 

measured in meters. The result that deforestation is greater nearer to previously deforested sites 

is unsurprising given evidence from Latin America that deforestation is contagious (Robalino 

and Pfaff 2012; Rosa et al. 2013). Distance to previous deforestation does not provide clear 

evidence on what is behind deforestation, although it may indicate that greater accessibility 

resulting from forest clearing facilitates further deforestation. Distance to major roads is the 

predictor with the third strongest association with deforestation (Table 3). The negative effect of 
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distance to major roads means that deforestation increases in areas closer to roads. The effect 

size of distance to major roads is the lowest out of the effect sizes of the four drivers measured in 

meters, and is less than a tenth of that of the driver with the next largest effect size. Like previous 

deforestation, roads may exacerbate other drivers such as extraction and agricultural expansion 

by opening up access to forests (Ahmed et al. 2013; Ahmed et al. 2014).  

The driver in the model related to extraction is 2009 population density. Population 

density in 2009 is the predictor with the second strongest association with deforestation in the 

model (Table 3). The negative effect of population density means that deforestation is higher 

where there are fewer people per unit area, predominantly in rural regions. This finding is 

inconsistent with trends identified by DeFries et al. (2010) who suggest that, globally, rural 

people no longer appear to be driving deforestation through extraction and agricultural 

expansion. Rather, urban and international demand for agricultural products is driving 

deforestation (DeFries et al. 2010). Yet, in Africa the association between forest loss and urban 

growth is weak, and its association with agricultural trade is insignificant (DeFries et al. 2010). 

Expansion of smallholder agriculture and extraction of primary forest products such as fuel, 

timber, and charcoal for domestic use by rural people continue to be the main drivers of African 

deforestation (Burgess et al. 2002; Fisher 2010). 

The drivers in the model related to agriculture are distance to active fires, distance to 

intermittent rivers, slope, and opportunity cost. Drivers related to agriculture have a weaker 

association with deforestation than drivers related to accessibility or extraction (Table 3). The 

negative effects of distance to active fires and slope mean that deforestation increases in areas 

closer to fires and areas with shallower slopes. The positive effects of distance to intermittent 

rivers and opportunity cost mean that deforestation increases in areas farther away from rivers 
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and areas with a higher opportunity cost. The effect sizes of distance to active fires and 

intermittent rivers are roughly equal and are less than a fifth of that of distance to previous 

deforestation, but more than ten times that of distance to major roads. Increased deforestation 

closer to fires may signify land clearing for agriculture. Deforestation may increase in areas with 

shallower slopes and a higher opportunity cost for agriculture because they are more suitable for 

agriculture. Distance to intermittent rivers may also indicate agricultural suitability. Crops may 

be easier to grow nearer to intermittent rivers because they provide water for irrigation. 

Interestingly, I observed that deforestation increases with distance from intermittent rivers rather 

than decreases as expected. Evidence from the model that distance to active fires, slope, and 

opportunity cost are related to deforestation in a way that suggests clearing for agriculture agrees 

with findings that African deforestation is in part the result of agricultural expansion by rural 

smallholders (Fisher 2010). In Africa, increases in staple crop production are correlated with 

deforestation, but not with yield increases, indicating that countries achieve higher production as 

smallholders clear more land (Fisher 2010). The four drivers related to agriculture in the model 

for Kenya were also associated with deforestation in neighboring Tanzania, although two of 

these drivers, slope and the opportunity cost of land, had relatively weaker associations than in 

Kenya (Green et al. 2013). Unlike in this model for Kenya, deforestation in Tanzania was higher 

closer to rivers. This discrepancy could arise from the fact that the Kenya model only considered 

the subclass of rivers that were intermittent and not all rivers as in the Tanzania model. 

Intermittent rivers may not provide dependable water year-round to areas around them, making 

these areas less suitable for agriculture and in turn less likely to be deforested. 

Notably, I did not find that the probability of deforestation was lower in protected areas. 

Global analyses reveal that protected areas are effective at limiting habitat loss (Scharlemann et 
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al. 2010; Geldmann et al. 2013). However, there is conflicting evidence on the effectiveness of 

protected areas in Africa. Eighteen studies of protected areas in individual African countries and 

throughout Africa show that on average deforestation is 4.7 times lower in protected areas than 

outside (Geldmann et al. 2013). One of these studies, the only to cover the full extent of tropical 

forests in Africa showing deforestation both in and outside of protected areas, found that 

deforestation is 1.34 times higher in protected areas than outside (Scharlemann et al. 2010). 

Specifically in Kenya, forest cover change both increases and decreases in national parks and 

forest reserves, although forest cover change in protected areas was not compared to forest 

change outside of them in this study (Pfeifer et al. 2012). 

Identification of proximate drivers of deforestation on a national level could influence the 

way countries develop and implement REDD+. Countries have multiple strategy options for 

addressing deforestation. A comprehensive review of REDD+ R-PPs reveals the range of options 

countries are considering (Kissinger et al. 2012). Countries submit R-PPs to the FCPF as a part 

of their readiness activities. Within them, they list drivers of deforestation based on an initial 

assessment and potential options for addressing these drivers. For example, Kenya’s R-PP 

identifies agricultural expansion by smallholders, extraction of primary forest products including 

timber and charcoal, grazing, and poor governance/institutional failures in the forest sector as 

direct drivers of deforestation (KFS 2010). The R-PP also lists options to address these drivers 

such as intensifying agriculture to reduce expansion, promoting agroforestry, afforestation, and 

reforestation to offset demand for timber and charcoal, improving livestock management to limit 

the effects of grazing, and strengthening government capacity to improve governance (KFS 

2010). Updated information on proximate drivers can help to inform countries which REDD+ 

interventions to employ to curb deforestation. The drivers identified by the model generally 
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match the drivers identified in the R-PP, supporting the strategy options recommended to address 

them. The model shows an association between agricultural expansion and forest loss indicated 

by active fires, slope, and the opportunity cost of land (Table 3). They also show an association 

between extraction and forest loss indicated by population density (Table 3). Greater 

accessibility indicated by distance to previous deforestation and major roads compounds forest 

loss from agricultural expansion and extraction (Table 3). The lack of association between the 

protected status of forests and deforestation may point to poor PA governance. The model does 

not, however, find an association between livestock density and deforestation, suggesting that 

grazing may not be a strong driver of forest loss. Improving livestock management may not 

reduce deforestation. Among the drivers associated with deforestation in the model, countries 

may additionally want to prioritize strategy options that address those with a stronger association 

(i.e. greater ∆AIC). The model shows that Kenya, for instance, may want to allocate more 

resources toward policy options that address extraction over agriculture because an indicator of 

the former has a stronger association with deforestation (Table 3). While the model is able to test 

the association of direct drivers with deforestation through various indicators, indirect drivers are 

harder to capture. As such, the model is unable to provide information on which strategy options 

to choose to address them. Addressing underlying factors such as market forces and government 

incentives is also crucial to reducing deforestation (Kanninen et al. 2007). Focus on proximate 

drives should not be to their exclusion. 

Quantifying uncertainty 

Alongside the map of predicted deforestation, the associated map of uncertainty shows 

the level of confidence in the model’s predictions. As seen in the section on prioritizing areas, 

quantifying and mapping uncertainty in this way is useful for selecting areas where REDD+ 
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interventions will avoid more deforestation. Quantifying uncertainty in the prediction for 

aggregate deforestation in Kenya is also useful for assessing the uncertainty in the national 

reference emission levels for carbon emissions. For example, in Kenya, the difference between 

the mean and lower and upper bounds of the 95% interval of the predictions for total 

deforestation is ±0.06% of forested area (Fig. 8). The total amount of above-ground carbon in 

Kenya is 546 million tonnes (Baccini et al. 2012). If I assume that the majority of this 

aboveground carbon is contained in forests with canopy cover greater than 15%, then the amount 

of uncertainty in the deforestation model equates to ±3.28 x 105 tonnes C. As a climate change 

mitigation mechanism, REDD+ measures avoided deforestation in terms of the CO2 equivalent 

(CO2e) of avoided emissions. Tonnes C can be converted into tonnes CO2e by a conversation 

factor of 3.67 (IPCC 2001). The resulting uncertainty in the model is ±1.20 million tonnes CO2e. 

Another source of uncertainty in the REL is the emission factors. Uncertainty in maps of global 

carbon stocks contributes to the uncertainty in the emission factors (Mitchard et al. 2013). 

National and global studies point to the financial value of reducing the uncertainty in carbon 

stock estimates (Smith et al. in review; Pelletier et al. 2012). Reducing the uncertainty of 

emission factors may increase the REL, resulting in a greater potential for financial gain from 

lowering emissions. Likewise, reducing the uncertainty in the deforestation predictions that in 

part make up the activities, the other component of reference emissions, may also increase the 

REL and potential financial gain from REDD+. The lower bound of the 95% interval of total 

deforestation in Kenya represents a conservative estimate of the activity data that may be favored 

in setting the country’s REL. As uncertainty decreases, the 95% interval will shrink such that the 

lower (and upper) bound will approach the mean. In other words, the conservative estimate of 

avoided carbon emissions may increase by 1.20 million tonnes CO2e. Given that the current spot 
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price of tradeable European Union Emission Allowances (EUAs) is US$ 8.60 / tCO2e, the 

potential value of reducing uncertainty in the deforestation model could be as much as US$ 10.3 

million (European Energy Exchange 2015). According to the model, the mean of the expected 

amount of total deforestation in Kenya is 1.68% (Fig. 8). As with quantifying the value of 

uncertainty reduction, multiplying the percent of deforestation by tonnes of carbon in Kenya, the 

CO2e conversion factor, and the spot price of carbon quantifies the value of total deforestation. 

Kenya could be eligible to receive US$ 290 million through REDD+ for avoided emissions. The 

potential revenue of uncertainty reduction in the model therefore represents 3.6% of the total 

revenue Kenya could receive from REDD+.  

One strategy for reducing uncertainty in the deforestation predictions is to collect more 

high quality data on deforestation and its drivers. The uncertainty reported in the predictions 

derives from the uncertainty in the model parameters. Model parameters describe how various 

drivers such as distance to deforestation or population influence deforestation. My statistical 

model was used to infer these parameters from observed data and prior knowledge. Uncertainty 

in the parameters was then propagated to the predictions. Re-parameterizing the model against 

more data will likely decrease the uncertainty in the parameters and in turn the predictions. In a 

spatial context, increasing the quantity of data could simply mean resampling data to a finer 

spatial grain. This resampling, however, may introduce measurement uncertainty (i.e. error), 

which reflects the variability in the data for the same measurement. Working at a finer spatial 

grain may increase the probability that a measured value does not represent its true value. For 

instance, data on population were originally collected at the sublocation level (an administrative 

unit equivalent to a county). This data was resampled to a 1 km spatial grain. Resampling it 

further to 30 m to match the original grain size of the deforestation data may increase uncertainty 
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because cells with the same population measure may have true values that greatly vary from this 

measure. Therefore if data are resampled to a finer spatial grain to acquire more data, these data 

must be of sufficient quality. Otherwise increased measurement error will counteract the 

reduction in parameter uncertainty from using more data. Collecting more detailed data at finer 

spatial grain will increase data quality and avoid measurement error. An alternative option to 

collecting more high quality data would be to consolidate or publish existing data that may be 

spread across several sources or stored locally. Numerous datasets on drivers for Kenya 

published online in a single source expedited the modeling process and improved model results 

(WRI et al. 2007). Countries may find that facilitating access to existing data may achieve 

uncertainty reduction at a lower price than costly programs to collect new data. 

Replicating process 

The modeling process outlined in this study shows how a simple, spatially explicit model 

of deforestation at the national level can be constructed with reasonable accuracy from available 

data (Fig. 9). One focus of developing national, spatially explicit models of deforestation has 

been to establish reference emission levels (Brown et al. 2007). The interpretation of model 

results for Kenya demonstrates that there are other applications for them, namely prioritizing 

regions for REDD+ intervention and identifying the proximate drivers of deforestation. Other 

land use change models such as GEOMOD2 and CLUE-S capable of mapping deforestation at a 

national scale can provide the same information as the model in this study for REDD+ planning 

(Pontius Jr et al. 2001; Verburg et al. 2002). The particular model presented here propagates 

uncertainty in the parameters to the predictions to quantify the level of uncertainty in the activity 

component of the REL. Employing similar models can show countries the financial value of 

reducing uncertainty through collecting more high quality data. Input data for deforestation 
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models may be easier to find for some countries than others. Of the drivers found to be 

associated with deforestation in Kenya, distance to previous deforestation, distance to active 

fires, and opportunity costs came from global datasets (Table 3). The rest were from country-

specific datasets. National datasets were only used because of their suspected higher quality than 

global data. It is possible to find global equivalents for the national data included in the model. 

When modeling deforestation, both the process and input data should be made transparent to 

allow others to replicate results or rerun the model with higher quality data to reduce uncertainty 

(Rosa et al. 2014). By providing a template for the design and application of a national, spatially-

explicit deforestation model for Kenya, I demonstrate how similar models may be developed to 

help other countries quantitatively map and measure deforestation and its drivers and move 

beyond qualitative assessments to improve REDD+ planning. 
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FIGURES 

Fig. 1. Forest cover above 5 m in height with greater than 15% canopy cover appears in green. 

Deforestation (the reduction of canopy cover from > 15% to ~0%) from 2001-06 appears in 

orange and from 2007-12 appears in red. Forest cover and deforestation data are from Hansen et 

al. (2013). 

 

Fig. 2. Examples of preprocessed driver layers. The top and middle panels show the distance 

from major cities and roads, respectively, with cooler colors representing farther distances. The 

bottom panel shows protected areas in green and unprotected areas in beige. 

 

Fig. 3. Depiction of the spatial randomization of five folds used in cross validation. 

 

Fig. 4. Area under the curve (AUC) for random subsamples of 3K, 9K, 16K, 31K, and 60K 

points out of 85K points. 

 

Fig. 5. Median predictions of the probability of deforestation and 95% uncertainty interval of the 

predictions. The model predicts a probability distribution for the percent chance of deforestation 

for each grid cell. The median is the most likely prediction or highest point in the distribution. 

The model predicts a probability distribution for the percent chance of deforestation for each grid 

cell. The interval represents a range of predictions that are less likely than the median, but more 

likely than the extreme predictions that account for 5% of the total probability. 

 

Fig. 6. Median predictions of the probability of deforestation in Kenya’s five, main high-

elevation forested watersheds (“water towers”). The hatching represents >65% canopy cover 
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according to a 2010 forest cover map by KFS. The black cells represent deforestation from 2007-

2012 from Hansen et al. (2012). 

 

Fig. 7. 95% uncertainty interval of predictions of the probability of deforestation in Kenya’s 

water towers. The hatching represents >65% canopy cover according to a 2010 forest cover map 

by KFS. 

 

Fig. 8. Probability distribution of the proportion of total deforestation in Kenya. Deforestation 

estimates for individual cells in Fig. 5 were aggregated to determine the proportion of cells 

deforested across the whole of Kenya. Mean = 1.68%. Lower and upper bound of 95% interval = 

(1.62%, 1.73%). Potential uncertainty reduction (i.e. difference between median and lower 

bound of 95% uncertainty interval) = 0.06%. 

 

Fig. 9. Average ROC curve and AUC for five-fold cross validation. 
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Fig. 1. 

 



Candidate 644562 | Page 84 of 148 

Fig. 2. 
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Fig. 3. 
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Fig. 4. 
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Fig. 5. 
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Fig. 6. 
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Fig. 7. 
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Fig. 8. 
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Fig. 9. 
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TABLES 

Table 1. Driver datasets initially considered in the model. 

 

Table 2. Driver datasets remaining after screening for multicollinearity. 

 

Table 3. Model driver explanatory power (AIC change), relative effect size (opt/std), and units. 

Dividing a dataset’s optimum by its standard deviation reveals the direction and relative size of 

its effect. Effect size is how much the probability of deforestation changes with a given change 

in the level of a proxy dataset for a driver in the model. The explanatory power is how well the 

model fits the proxy data for drivers and data for deforestation. A driver may have high 

explanatory power, but a low effect size. In this case, the predictions are accurate, but a large 

change in the driver level results in a small change in the predicted deforestation probability. 

Conversely, a driver with low explanatory power and a large effect size has less accurate 

predictions, however a small change in the level of the driver results in a large change in 

predicted deforestation probability. Drivers with high explanatory power and a large effect size 

are the most influential in the model. 

 

Table 4. Model parameter estimates.  
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Table 1. 

 

Driver Dataset Year(s) Source Res. 

Accessibility Distance to major roads 1996 SoK, JICA, ILRI NA 

  Distance to motorable roads 2011 RCMRD, SoK NA 

  Distance to tracks/footpaths 2011 RCMRD, SoK NA 

  Distance to previous deforestation 2001-2006 Hansen et al. 2013 30 m 

Agriculture Crop intensity 2000 FAO 30 m 

  Elevation 2000 NIMA 90 m 

  Livestock density 1994-1996 ILRI 5 km 

 Livestock density 2005 FAO 5 km 

 Opportunity cost 2007 Naidoo & Iwamura 10 km 

 Distance to active fires 2007-2012 NASA FIRMS 1 km 

 Distance to intermittent rivers 1997 NIMA NA 

 Distance to permanent rivers 1997 NIMA NA 

 Distance to waterbodies 2000 FAO 30 m 

 Slope 2000 NIMA 90 m 

Extraction Distance to major towns 2000 SoK, ILRI NA 

 Population density 2009 Bright et al. 1 km 

 Population density 2009 KNBS NA 

 Population density 1999 CBS NA 

 Population growth 1989-2009 CBS, KNBS NA 

 Population growth 1999-2009 CBS, KNBS NA 

 Poverty density 1999 CBS NA 

Protection Protected areas 2014 WDPA NA 
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Table 2. 

 

Dataset Year(s) Source VIF 

Distance to major roads 1996 SoK, JICA, ILRI 1.44 

Distance to tracks/footpaths 2011 RCMRD, SoK 1.29 

Distance to previous deforestation 2001-2006 Hansen et al. 2013 1.17 

Crop intensity 2000 FAO 1.52 

Distance to active fires 2007-2012 NASA FIRMS 1.3 

Distance to intermittent rivers 1997 NIMA 1.54 

Distance to waterbodies 2000 FAO 1.28 

Livestock density 2005 FAO 1.3 

Opportunity cost 2007 Naidoo & Iwamura 1.16 

Slope 2000 NIMA 1.1 

Distance to major towns 2000 SoK, ILRI 1.75 

Population density 2009 Bright et al. 1.11 

Population density 2009 KNBS 1.87 

Population density 1999 CBS 1.89 

Population growth 1999-2009 CBS, KNBS 1.12 

Protected areas 2014 WDPA 1.07 
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Table 3. 

 

Driver Dataset ∆AIC opt/std Units 

Accessibility Distance to previous deforestation 691.3 -2.71 meters 

Extraction Population density 2009 (KNBS) 66.1 -1.71 people/km2 

Accessibility Distance to major roads 50.7 -0.03 meters 

Agriculture Distance to active fires 17.6 -0.46 meters 

Agriculture Distance to intermittent rivers 12.1 0.50 meters 

Agriculture Slope 10.1 -0.21 degrees 

Agriculture Opportunity cost 5.2 0.58 $US/km2 
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Table 4. 

 

Parameter Driver lb95 mean ub95 

prob   127.8867 277.4883 406.4299 

opt Distance to previous deforestation -137814 -127013 -112312 

 Population density 2009 (KNBS) -6861.73 -5835.28 -4906.34 

 Distance to major roads -36557.2 -2148.25 16406.42 

 Distance to active fires -18764.4 -13570.5 -6078.05 

 Distance to intermittent rivers 54792.53 66437.41 76884.54 

 Slope  -22.9396 -11.1105 1.994241 

 Opportunity cost 443.3266 878.421 1853.786 

std (σ) Distance to previous deforestation 45719.1 46821.73 48808.62 

 Population density 2009 (KNBS) 3084.413 3418.237 4057.296 

 Distance to major roads 62461.87 84884.87 123258.9 

 Distance to active fires 23562.41 29705.83 35949.88 

 Distance to intermittent rivers 112506 131981.8 154507 

 Slope  34.72096 52.48457 74.2519 

 Opportunity cost 1005.619 1511.096 2543.003 
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CHAPTER 2 

 

Title: Protecting carbon stocks benefits livelihoods and biodiversity in Kenya 

 

Highlights: 

 Reducing deforestation (REDD+) protects carbon stocks and could provide benefits to 

livelihoods and biodiversity (i.e. “co-benefits”). 

 Distributions of carbon and co-benefits are not congruent, resulting in trade-offs. 

 I analyze trade-offs among carbon and co-benefits in two and three dimensions in Kenya. 

 Fixed area could represent > 86% of the maximum number of impoverished people and 

average proportion of rare species ranges while maintaining 90% of maximum carbon. 

 Favorable trade-offs suggest that REDD+ could be designed with a focus on co-benefits 

without large sacrifices in carbon stocks. 

 

Keywords: REDD+, co-benefits, poverty, biodiversity, trade-offs, Kenya 

 

Word count: 7,850 (excluding highlights, abstract, and references) 

 

To be submitted to Biological Conservation 
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ABSTRACT 

Reducing deforestation and degradation (REDD+) is integral to the strategy for cutting 

global carbon emissions. However, it poses risks to forest communities and biodiversity. 

Assuming that social, environmental, and governance safeguards adequately mitigate these risks, 

REDD+ provides the opportunity to direct climate change mitigation funds toward additional 

benefits, referred to as “co-benefits,” including poverty alleviation and biodiversity conservation. 

If implemented as a payment for ecosystem services scheme, REDD+ would distribute payments 

to local stewards of forest resources. Just as avoided deforestation in REDD+ sites protects the 

biodiversity in those sites, it also may supplement the incomes of the people who live there. 

Depending on the extent to which forest benefits overlap, there may be trade-offs among them. 

This study quantifies trade-offs in Kenya, a country planning for REDD+, by examining the 

change in the proportions of carbon and co-benefits protected in a fixed area under different 

relative weightings between them. Results show that by using poverty and biodiversity 

distribution information in Kenya, fixed area could represent 90% of the maximum possible 

number of people below the poverty line, or 84% and 95% of the maximum possible average 

proportion of ranges of rare species with the smallest 50% and 25% of global ranges in REDD+ 

sites with only a 10% reduction in carbon. A novel analysis of trade-offs in three dimensions 

reveals that REDD+ sites could simultaneously include 86% of the maximum possible number of 

people in poverty and 88% of the maximum possible average proportion of ranges of rare species 

with the smallest 25% of global ranges with a 10% reduction in carbon (Fig. 16). These 

proportions represent a significant strategic gain over a carbon-only strategy. Stakeholders with 

different values for carbon and co-benefits may use these trade-offs to decide on their optimal 

levels. 
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INTRODUCTION 

REDD+ background 

Burning and clearing forests makes a significant contribution to anthropogenic 

greenhouse gas emissions, accounting for 9-11% of total emissions in 2000-10 (Smith et al. 

2014). Emissions from deforestation and degradation are so great that they approximately equal 

those from the transportation sector, responsible for 14% of annual emissions over the same 

period (Smith et al. 2014). The United Nations Framework Committee on Climate Change 

(UNFCCC) has identified avoided deforestation as a cost-effective and cheap mitigation option 

(Stern 2006). A diverse set of actors including intergovernmental organizations, national 

governments, conservation and development non-governmental organizations, and indigenous 

groups have invested considerable time and effort in planning a program for Reducing Emissions 

from Deforestation and Degradation (REDD). The principle behind REDD is that developing 

countries sell credits equal to the amount of carbon stored in forests through avoided 

deforestation to developed countries required to offset their emissions (Miles and Kapos 2008). 

A popular way proposed to implement REDD is through national or sub-national payments for 

reductions in deforestation and degradation (Bond et al. 2009). REDD payments follow the 

“steward earns principle” whereby compensation is provided to landowners who maintain forests 

that would otherwise be deforested (Gomez-Baggethun and Ruiz-Perez 2011). The activities for 

emissions reductions eligible for REDD incentives have since expanded to include enhancing 

carbon storage through forest restoration, rehabilitation, and afforestation/reforestation in what 

became known as REDD+ (Campbell 2009).  
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Risks to biodiversity and livelihoods 

Because REDD+ offers payments for forest conservation, it is often portrayed as a “win-

win” strategy, delivering benefits in addition to climate mitigation such as poverty alleviation 

and biodiversity conservation. Proponents of REDD+ should exercise caution when using the 

language of “win-wins” since it could gloss over risks (Hirsch et al. 2011; Muradian et al. 2013). 

Central governments are increasingly allowing local people to manage forest resources (Agrawal 

et al. 2008). REDD+ threatens to reverse this trend by recentralizing forest governance (Phelps et 

al. 2010). Recentralized governance could result in elites taking away property rights from 

smallholders and reducing forest-related benefits for the poor (Sandbrook et al. 2010). An 

analysis of 80 forest commons in 10 countries across Asia, Africa, and Latin America shows that 

without secure tenure, local communities will maintain lower carbon storage in forest commons 

and extract at greater rates whereas when tenure is secure, they will conserve biomass and defer 

extraction (Chhatre and Agrawal 2009). REDD+ also poses risks to biodiversity. Land owners 

may replace primary forest with monoculture plantations that support fewer species to maximize 

carbon payments and crops (Lindenmayer et al. 2012). REDD+ incentives for carbon storage 

could also lead to the destruction of biodiversity by displacing agricultural expansion to low-

carbon and high-biodiversity forests (Putz and Redford 2009). Failure of REDD+ to address 

these social and environmental risks could dispossess local people of their land as well as cause 

greater deforestation and biodiversity loss.  

REDD+ safeguards and co-benefits 

In response to the discussion of risks, a set of safeguards were drafted as a part of the 

2010 Cancun Agreement at the 16th Conference of the Parties to the UNFCCC. To avoid seizure 

of land tenure from smallholders by large landowners, and damage to the livelihoods of local 
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people, the safeguards call for “transparent and effective national forest governance” and 

“respect for the knowledge and rights of indigenous peoples and members of local communities” 

(Visseren-Hamakers et al. 2012). To protect biodiversity, they require that “actions are consistent 

with the conservation of natural forests and biological diversity” (Visseren-Hamakers et al. 

2012). The safeguards seek to mitigate against risks that could harm local people or biodiversity. 

If these safeguards are adhered to, REDD+ would direct funds toward conserving natural forests 

and biodiversity and improving the livelihoods of local forest stewards that would otherwise not 

be available. In other words, if implemented in line with the safeguards, REDD+ would only 

serve to improve the livelihoods of local people or increase biodiversity. There may however be 

trade-offs between the extent to which REDD+ could provide climate mitigation services and 

additional co-benefits because the spatial distribution of carbon stocks may not align with the 

distribution of co-benefits. A trade-off occurs when the increase in one benefit results in the 

reduction of another. Analyses have already been conducted to identify the potential trade-offs 

between carbon and biodiversity co-benefits (Venter et al. 2009; Strassburg et al. 2010; 

Siikamaki and Newbold 2012; Thomas et al. 2013), but fewer for trade-offs between carbon and 

poverty alleviation (Ferraro et al. 2015), and none for trade-offs between carbon and both 

biodiversity and poverty alleviation. 

REDD+ in Kenya 

Since individual countries will decide how REDD+ is implemented at a national scale, 

analyses of trade-offs between carbon and additional co-benefits are likely to be conducted for 

individual countries. One such country is Kenya, which has begun undertaking readiness 

activities to prepare for REDD+ as evidenced by its submission of a Readiness Preparation 

Proposal (R-PP) to the World Bank’s Forest Carbon Partnership Facility (Kenya R-PP 2010). 
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Kenya’s participation in REDD+ is in accordance with its 2005 Forests Act, which requires all 

forests to be under sustainable forest management, including “conservation and rational 

utilization of forest resources for the socio-economic development of the country,” regardless of 

ownership (KFA 2005). Kenya’s R-PP states that activities will be designed with a focus on co-

benefits such as improving biodiversity and livelihoods of forest dependent people (Kenya R-PP 

2010). Kenya is a country with low forest cover and a low deforestation rate. Forests cover 5.6% 

of Kenya and annual loss of this forest stock was between 0.35% and 0.31% from 2005-2010 

(FAO 2010). Despite this, there is high potential for REDD+ to deliver co-benefits in Kenya. 

About 53% of rural and 50% of urban Kenyans live below the poverty line (WRI et al. 2007). 

The Eastern Arc and Coast Forests of southern Kenya and Tanzania are a global hotspot of 

biodiversity (Burgess 1998; Myers et al. 2000; Burgess et al. 2007). 
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METHODS 

Data 

Gridded spatial data were gathered for carbon, biodiversity, and livelihoods for input into 

the analysis on the trade-offs between carbon and co-benefits. Aboveground forest carbon data 

measured in Megatons were derived from 30 m resolution satellite observations resampled to 10 

km (Fig. 1) (Baccini et al. 2012). To quantify the potential of REDD+ to contribute to local 

livelihoods, census data from 1999 on poverty density at the sublocation level, the lowest 

administrative level (i.e. highest resolution), were used under the assumption that carbon 

payments delivered to people locally would benefit areas with the highest poverty density most 

(CBS 2001). REDD+ payments would make up a greater proportion of the income of people in 

poverty than the income of people who are wealthier and would therefore have higher 

proportional benefits for the poor. Delivering REDD+ payments to areas with the highest poverty 

density would provide these benefits to a greater number of people in poverty, maximizing their 

potential to elevate livelihoods. Poverty density is defined as the number of people per square km 

living below the poverty line of US$ 0.59/day in rural areas and US$ 1.26/day in urban areas 

(WRI et al. 2007). Kenya’s sublocations in 1999 had a mean size of 240 km2 with a standard 

deviation of 610 km2 and a range between 0.5 km2 and 10,715 km2. A shapefile with poverty 

data mapped on the sublocation level was converted to a raster with 10 km resolution (Fig. 2). 

Areas in the eastern and central parts of the country are missing because no data on poverty were 

collected here. These areas were excluded from subsequent analyses. Since the most recent 

poverty data available at the sublocation available are more than 15 years old, the correlation 

between poverty density in 1999 and 2006 at a higher administrative level, the district level, was 

examined. A strong correlation between years would indicate that while there may have been an 

increase in the number of people below the poverty line with population growth, the district-level 
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distribution of poverty has not changed significantly. In turn, no change in district-level poverty 

distribution may imply low change in sub-location poverty from 1994-2006 and possibly 

beyond. Biodiversity data from 2013 were acquired in the form of shapefiles describing the 

global ranges of bird, mammal, and amphibian species from BirdLife International and the 

International Union for the Conservation of Nature (IUCN 2013). Species with ranges 

intersecting the area of Kenya were used in the analysis including those of 679 birds (544 

passiformes and 135 non-passeriformes), 356 mammals, and 98 amphibians. The shapefiles of 

species ranges were converted to rasters with values 1 and 0 denoting presence/absence and 

resampled to a 10 km resolution and clipped to the extent of Kenya. The areas of all global 

species ranges were calculated from the original shapefiles to identify globally rare species. To 

establish rarity, the size of a global species range was only compared to the global range sizes of 

other species in its taxon. Rare species were defined in two ways: those with a global range size 

less than the median global range size (smallest 50% of global ranges), and those with a global 

range less than the lower quartile of global range sizes (smallest 25% of global ranges). Species 

richness raster maps were calculated by summation for all species (Fig. 3), submedian species 

(Fig.4) and lower quartile species (Fig.5). Correlations between aboveground carbon, the 

richness of the three classes of species, and poverty density were examined to explore spatial 

relationships in the data. 

Trade-offs 

Trade-offs between carbon and co-benefits were examined with Zonation, a spatial 

conservation planning tool (Moilanen et al. 2012). Zonation takes in multiple sets of gridded data 

on the distributions of environmental features like species or ecosystem services. The tool 

successively discards cells in the landscape which minimize the loss in the overall proportion of 
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these features protected. The Core-Area Zonation cell removal rule was used in the analysis, 

which makes it harder to discard a cell if it contains more features with smaller ranges than cells 

containing features with larger ranges. The tool ranks cells in terms of their priority for 

conservation. Cells removed first have a lower priority than cells removed last. Zonation also 

records the decline in the overall proportion of features protected during cell removal. The two 

main outputs from Zonation are a map of the relative priority of each grid cell for conserving the 

greatest proportion of input features and the shape of the decline in the proportion of features 

protected with proportion of area lost. Rather than studying the decline in features with area lost, 

Zonation was run several times with the same input data to record the variation in the proportion 

of features protected in a fixed proportion of total area of 0.3 or 30%. The area constraint chosen 

is consistent with that of Thomas et al. (2013) who studied the trade-offs between carbon and 

biodiversity by means of a similar method. Choosing the same constraint allows for comparison 

of the results presented here to the results reported by Thomas et al. The sensitivity of the trade-

offs to the area constraint was also tested for both a greater proportion (50%) and lesser 

proportion (10%) of the total area included in the analysis. The difference between each run with 

the same input data and area constraint was that some features were weighed more heavily to 

increase their priority. Users are able to adjust feature weights in the cell removal rule such that 

more heavily weighted cells will be removed later and take on a higher priority. In the 

comparison of carbon and poverty density, weights were assigned to carbon ranging from 

0.000244 (2-12), which strongly prioritizes poverty, to 8 (23), which strongly prioritizes carbon. 

The same results could be found by assigning the weights to poverty because they are relative. 

Repeatedly running Zonation with different relative weightings and extracting the proportion of 

carbon and poverty protected in 30% of the landscape shows the trade-off between them. 
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Increasing the relative weight of poverty or carbon will increase the proportion protected of one 

at the expense of another. Bookending the interval of weights are runs of Zonation where either 

carbon or poverty had a weight of zero, effectively removing one or the other from the analysis. 

When carbon has a weight of zero, the proportion protected of poverty is the maximum 

proportion of total poverty than can be included in 30% of the cells in the landscape. Similarly, 

when poverty has a weight of zero, the proportion protected of carbon is the maximum 

proportion of total carbon that can be included in 30% of cells. A plot of the trade-off between 

carbon and poverty shows the relative weights on the x-axis and the proportions of carbon 

protected and poverty protected (i.e. people below the poverty line included in priority regions) 

on the y-axis. To express the trade-off between carbon and poverty in terms of carbon instead of 

poverty, the weights listed on the x-axis of the trade-off plot are the inverse of the weights 

assigned to carbon. For example, a weight of 2-12 on carbon relative to a weight of 21 on poverty 

is shown as a weight of 21 on carbon relative to a weight of 212 on poverty. A dashed line 

delimits the weights on poverty above which carbon is lower than 90% of its maximum possible 

value. Adjacent to the trade-off plot, the proportion of people included in priority regions is 

plotted against the proportion of carbon protected. Through the east of Kenya and in parts of the 

center, no data were collected on poverty density in 1999. The extent of the data on aboveground 

carbon was clipped to the area of the poverty data to assess the spatial trade-offs between them 

where data on poverty were available. The method for exploring trade-offs between carbon and 

biodiversity differed from the one used to explore the trade-off between carbon and poverty in 

that the distribution of each species was an input to the analysis. The range maps of individual 

species that make up the aggregate maps of species richness in Figs. 3-5 were included as layers 

in Zonation. In total, 1133 species ranges were included in the trade-off of carbon with all 
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species, 187 with rare species with the smallest 50% of global ranges, and 51 with rare species 

with the smallest 25% global of ranges. The weights assigned to carbon in these trade-offs varied 

in proportion to the number of species (N) such that the weights on carbon were 8N, 4N, 2N, 1N, 

… , 0.001953N, 0.000977N, 0.000488N, 0.000244N. Again, because the weights are relative, 

the inverse of the weights on carbon was taken to express the trade-offs in terms of the weights 

on biodiversity. The biodiversity value at a given weighting was found by averaging the 

proportions remaining of all the individual species distributions. In addition to tracing the change 

in the average proportion of species protected over the range of weights, histograms were plotted 

for certain weights to show the spread of the proportions remaining across individual species 

ranges. When biodiversity has a higher weight, more species will have a greater proportion of 

their ranges protected than when biodiversity has a lower weight. The same technique for 

examining trade-offs in two dimensions can be extended to three. The trade-offs among carbon, 

poverty, and rare species with the smallest 25% of global ranges were tested by first limiting the 

extent of carbon and rare species ranges to that of the areas where poverty data were available. 

Then, holding the weight of carbon constant, varying weights were assigned to poverty and the 

distributions of rare species. The weights assigned to the individual layers of species ranges 

varied between 0.125 (2-3) and 4,096 (212). The same set of weights were assigned to poverty 

except, given that there are 51 species with the smallest 25% of global ranges, the weights on 

poverty were multiplied by 51 to ensure that they varied in proportion with the combined 

weights on rare species. For each weight between 0.125 and 4,096 assigned to rare species 

relative to carbon, a range of weights between 6.375 (0.125*51) and 208,896 (4,096*51) were 

assigned to poverty relative to carbon. The proportions protected for the three features were 

recorded for the 256 combinations of weights (16 weights on rare species * 16 weights on 
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poverty). As before, the proportion protected of rare species with the smallest 25% of global 

ranges represents the average of the proportions remaining of the ranges for individual species. 

In this way, three 16 x 16 grids were created for the proportions protected of carbon, poverty, 

and rare species under all possible combinations of weights on poverty and biodiversity relative 

to carbon. The three grids were converted into surfaces and plotted in three dimensions in “rgl,” 

a 3D visualization package in R (Adler and Murdoch 2015). On the z-axis of the three-

dimensional plot is the proportion of features protected. The x- and y-axes show the weights of 

poverty and rare species with the smallest 25% of global ranges, respectively. Each surface 

depicts carbon, poverty, or rare species. A lattice is plotted alongside the feature surfaces, above 

which the proportion of carbon protected is greater than 90% of the maximum carbon possible to 

protect. Once the trade-offs among carbon, poverty, and biodiversity were plotted in two and 

three dimensions, they were used to find the level of co-benefits that could be protected with a 

10% loss in maximum carbon. An interval of weights was identified for each trade-off over 

which carbon appeared to drop by 10% from its maximum. Through trial and error, weights over 

successively smaller intervals were applied to carbon or co-benefits until the proportion of 

carbon remaining was approximately 90% of its maximum. The proportions of the other features 

at these weights were then recorded. On the two-dimensional graphs, crosses mark the 

proportions of carbon and the co-benefit protected with a 10% reduction in carbon. 
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RESULTS 

 Correlations between carbon and poverty, rare species with the smallest 50% and 25% of 

global ranges, and all species were significant but with low explanatory power (R2 < 0.1) (Figs. 

6-9). Yet, weak correlations between carbon and co-benefits do not indicate the relative spatial 

distribution of high priority cells in each layer. A more detailed study of the trade-offs between 

carbon and co-benefits under varying weights in Zonation reveals the extent of spatial co-

occurrence among high priority cells in these data layers. Where there is greater overlap among 

high priority cells across layers, trade-offs will be more moderate and there will be a greater 

opportunity for achieving multiple objectives. The trade-offs here demonstrate that there is high 

potential for REDD+ to contribute to livelihoods and conserve rare species without large losses 

in carbon. Conserving a greater proportion of the ranges of all species by prioritizing 

biodiversity, however, requires larger sacrifices in carbon storage. 

The shapes of the curves in Figs. 11-15 show the extent of the trade-offs between carbon 

and co-benefits. Two parameters influence the potential for REDD+ to simultaneously protect 

carbon and deliver co-benefits: the difference between the maximum and minimum amount of 

carbon and co-benefits possible to protect and the slopes of the curves. The asymptotes of the 

curves show the maximum and minimum amount of carbon and co-benefits conserved in the 

30% of Kenya protected. The curves asymptote when changing the relative weighting no longer 

influences the proportion of carbon or co-benefits protected. At this point, there are no greater 

gains possible by prioritizing one forest benefit more than the other. The left side of the graph 

represents a “carbon only” solution that maximizes carbon storage and the right side represents a 

“co-benefit only” solution that maximizes the co-benefit. The slopes of the curves indicate how 

sensitive co-benefits and carbon are to the relative weighting between the two. A curve with a 
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shallow slope shows a low sensitivity to the relative weighting between a co-benefit and carbon. 

Conversely, a curve with a steep slope shows a high sensitivity. 

REDD+ has the potential to protect carbon and deliver significantly greater co-benefits 

when their relationship meets two conditions. The first is when the y-axis range between the 

maximum and minimum proportions of the co-benefit is roughly equal to or greater than the 

proportional range of carbon. The second is when the slope or sensitivity of the co-benefit curve 

to the relative weighting is roughly equal to or greater than the slope of the carbon curve. The 

relationship between carbon and the number of people below the poverty line as well as carbon 

and the average proportion of rare species ranges meet both these conditions (Figs. 11-12 & 14). 

It is possible to include 90% of the maximum possible number of people below the poverty line 

in REDD+ sites with a 10% reduction in carbon compared to the carbon only solution (Table 1). 

Similarly, it is possible to conserve 84% of the maximum average proportion of ranges of rare 

species with the smallest 50% of global ranges with a 10% reduction in maximum carbon (Table 

2). Reducing the range size criterion for rarity to the smallest 25% of global ranges makes it 

possible to conserve 95% of the maximum average proportion of ranges of rare species with a 

10% reduction in maximum carbon (Table 4). In contrast, the relationship between carbon and 

species richness fails to meet both conditions for REDD+ to be able to conserve a significantly 

greater proportion of the average ranges of all species (Fig. 13). The slopes of the two curves are 

similar, although the range of the average proportion of all species ranges protected is only 0.17 

(Table 3). It is possible to conserve 85% of the maximum average proportion of all species 

ranges with a 10% reduction in maximum carbon, yet this only represents a 20% increase in the 

average proportion of all species ranges compared to the carbon only solution (Table 3).  
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A 10% in reduction in maximum carbon maintains a high overall average proportion of 

the ranges of rare species as well as more than 80% of the individual ranges of a high number of 

rare species. Maximizing rare species with the smallest 50% of global ranges protects more than 

80% of the individual ranges of 96 species while a 10% reduction in maximum carbon protects 

more than 80% of the individual ranges of 60 species (Fig. 12). A solution that accepts a 10% 

reduction in maximum carbon protects more than 80% of the ranges of even more rare species 

when they are defined as having the smallest 25% of global ranges sizes. A 10% reduction in 

carbon protects more than 80% of the ranges of 42 rare species with the smallest 25% of global 

ranges compared to 45 rare species when the average proportion of the ranges of rare species is 

maximized (Fig. 14). Reducing carbon by 10%, however, only protects more than 80% of the 

ranges of 142 of all species compared to 250 when maximizing the average proportion of the 

ranges of all species (Fig. 13).  

A sensitivity analysis of the trade-offs to the area constraint pointed to the strong 

influence of the proportion of the landscape over which trade-offs were assessed on the ranges 

and slopes of trade-offs between carbon and heterogeneously distributed data. Across co-

benefits, decreasing the area constraint from 30% to 10% exaggerated the trade-offs by 

increasing their slopes and ranges (Fig. 15). Conversely, increasing the area constraint to 50% 

moderated the trade-offs by decreasing their slopes and ranges (Fig. 15). The magnitude of 

exaggeration and moderation depends on the spatial heterogeneity of the co-benefit data. The 

trade-offs of carbon with poverty as well as rare species with the smallest 25% of global ranges 

are more sensitive to the area constraint because data on these co-benefits are more 

heterogeneously distributed (Figs. 2 & 5). Meanwhile, the trade-offs of carbon with rare species 
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with the smallest 50% of global ranges and total species richness are less sensitive because they 

are more homogenously distributed (Figs. 3-4).  

Considering the trade-offs among carbon, poverty, and rare species with the smallest 25% 

of global ranges at the same time in three dimensions shows that it is possible to protect high 

levels of both co-benefits while maintaining more than 90% of maximum carbon (Fig. 16). A 

10% reduction in maximum carbon at the same time includes 86% of the maximum number of 

people below the poverty line and protects 88% of the maximum average proportion of ranges of 

rare species with the smallest 25% of global ranges (Fig. 16). A map of the areas making up 30% 

of Kenya (shown in shades of red) that achieve these targets is depicted in Fig. 17. 
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DISCUSSION 

Data distributions and co-benefits opportunities 

The high potential for co-benefits relates to the spatial distribution of carbon and co-

benefits. When they are more heterogeneously distributed across the landscape, there is a greater 

range over which the proportion protected varies. Poverty is the most heterogeneous with a range 

of 0.52 (Table 1). Rare species with the smallest 25% and 50% of global ranges are less so with 

ranges of 0.43 and 0.33, respectively (Tables 2 & 4). Carbon has a range of 0.33 over the whole 

of Kenya (Tables 2-4) and a range of 0.26 when limited to the extent of areas in Kenya where 

poverty data is available (Table 1). Total species richness is the least heterogeneous with a range 

of 0.17 (Table 3). The different spatial patterns explain why there are larger proportional gains in 

the average proportion of ranges of rare species than all species for the same amount of carbon 

loss. Since rare species have range sizes smaller than the global median, the number of species 

whose ranges cover a certain region is highly variable across different regions. A strategy that 

prioritizes carbon is prone to excluding regions occupied by greater numbers of rare species 

because these regions are less likely to correspond with areas of high carbon. Given that most of 

the species in the data have large range sizes since a majority of them are birds, the distribution 

of total species richness is more homogenous than the distributions of rare species. Areas with 

higher carbon are more likely to contain regions occupied by a similar number of species as areas 

with lower carbon. Therefore weighing carbon more heavily will not result in dramatic 

differences in the average proportion of the ranges of all species protected. The potential for 

REDD+ to contribute to livelihoods is even greater than its potential to conserve rare species 

because poverty has higher spatial heterogeneity. Prioritizing areas with higher poverty density 

will include a much greater proportion of people in REDD+ sites who may benefit most from 

carbon payments.  
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Biodiversity trade-offs 

Results show that in Kenya it is possible to protect 84% of the maximum average 

proportion of ranges of rare species with the smallest 50% of global ranges, 85% of the average 

proportion of ranges of all species, and 95% of the average proportion of ranges of rare species 

with the smallest 25% of global ranges with a 10% reduction in carbon. These results are 

consistent with results showing that a combined carbon-biodiversity strategy could 

simultaneously protect 90% of carbon stocks and > 90% of biodiversity in the New World and 

Great Britain (Thomas et al. 2013). The key difference is that weighing biodiversity more 

heavily in Kenya only has the potential to increase the average proportion of the ranges of all 

species protected by 0.17 compared to 0.33 and 0.43 for rare species with the smallest 50% and 

25% of global ranges, respectively, on account of their more heterogeneous distributions with 

respect to high carbon values (Tables 3, 2, & 4). In general, the conditions that result in a 

favorable trade-off whereby a slight reduction in carbon amounts to a much larger gain in co-

benefits apply across scales. A large spread in the values of the co-benefits and the 

heterogeneous distribution of high and low co-benefit values across high carbon values that 

generate favorable trade-offs for Kenya will also generate them globally. Like rare species in 

Kenya, high and low values of total species richness are likely heterogeneously distributed with 

respect to high values of carbon at a global scale. This fact may explain why a global analysis of 

carbon and biodiversity found that biodiversity could be doubled by reducing carbon outcomes 

by only 4 to 8% (Venter et al. 2009).  

Simple correlations between carbon and co-benefits do not always provide sufficient 

information for assessing the trade-offs between areas with the highest values for carbon and 

biodiversity. For example, the global distribution of endemic species only explains 1% of the 

variation in the global carbon distribution, suggesting a conflict between carbon and biodiversity 
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because areas high in carbon generally have low levels of endemic species (Siikamaki and 

Newbold 2012). As in Kenya, it may be the case at the global scale that there is a weak overall 

correlation between carbon and endemic species, however there is a favorable trade-off in areas 

with the highest carbon and endemic species values. Areas with the highest carbon values may 

contain highly variable levels of endemic species, although a subset of these high carbon areas 

such as 30% may contain relatively high values of endemic species. If these conditions hold, 

then a substantial gain in endemic species is possible with only a low loss in carbon in the 30% 

of cells protected. When, on the other hand, carbon and co-benefits are strongly correlated, 

prioritizing cells with slightly less carbon is less likely to yield much higher levels of co-benefits. 

The global distribution of species richness explains 82% of the variation in the global 

distribution of carbon, indicating that species richness is high in areas of high carbon (Strassburg 

et al. 2010). The high correlation presents limited opportunity for conserving higher levels of 

species richness by protecting areas with slightly less carbon because prioritizing cells with 

lower carbon will also lower species richness by the same amount given that the two are tightly 

coupled.  

Valuing trade-offs 

Several pitfalls exist in using the trade-offs framework. One of them is that the 

framework collapses multiple incommensurable forms of value down into economic value to 

find the most cost-effective solution (Hirsch et al. 2011). Value is the worth or importance of 

something, and ecosystems have different types of value. Carbon and biodiversity are properties 

of ecosystems that may have biophysical, socio-cultural, or economic value (de Groot et al. 

2002; Gomez-Baggethun et al. 2010; Gómez-Baggethun and Barton 2013). Biophysical value 

measures the level of an ecosystem property, process, or function using various ecological 
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indicators. Socio-cultural and economic values are the values people place on the material 

aspects of ecosystems measured with surveys or money.  

In the context of REDD+, as currently designed, carbon storage is the only ecosystem 

function that has economic value because it provides the service of climate change mitigation. 

Biodiversity also has economic value as a regulator of ecosystem processes, a contributor to final 

ecosystem services, and a final good in and of itself (Mace et al. 2012). As of yet though, 

REDD+ does not offer financial incentives for protecting biodiversity that is additional to the 

level of biodiversity found in a carbon-only solution. The optimal solution for earning the most 

from REDD+ is to maximize carbon. However, national decision makers may have different 

priorities based on the scale over which services are delivered and their non-economic values.  

The scale of the physical ecosystem that delivers services does not always match the 

scale at which humans value those services (de Groot et al. 2002). Economic benefits of forests 

and biodiversity accrue across different scales. Forests provide a global service of climate 

mitigation while the biodiversity they house provides more local services such as ecotourism or 

pollination. Decision makers may decide to opt for less money from protecting carbon because 

the biodiversity conserved in the less carbon-rich forests that they do protect could generate 

services worth more than the foregone income from carbon. The trade-offs in Figures 11-14 

could help national decision makers decide on the optimal level of carbon to protect to receive 

international payments and biodiversity to protect to deliver local ecosystem services.  

Decision makers may also be motivated by non-economic values to protect additional 

biodiversity and compensate people that are particularly economically disadvantaged. 

Biodiversity may have socio-cultural value because, for example, it is part of national or regional 

identity. Decision makers may therefore choose to protect more biodiversity not because it will 
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produce greater economic returns, but because it is socio-culturally important. The same goes for 

the co-benefit of improving livelihoods. Livelihood co-benefits are not material aspects of 

ecosystems like biodiversity, although decision makers may still value them. Decision makers 

may therefore choose to conserve forests with less carbon in areas with greater poverty to assist 

the people that live there. 

Though no valuation was done, the trade-offs shown in this study for the multiple 

environmental and social benefits derived from forests allow space for value pluralism. The 

economic value and socio-cultural importance of ecosystem services have been shown to diverge 

for different services (Martín-López et al. 2014). For example, in the Doñana social-ecological 

system in southwestern Spain, water quality, climate regulation, environmental education, and 

satisfaction for conserving biodiversity were highly recognized as socio-cultural preferences, 

although they had a low monetary value (Martín-López et al. 2014). Expressing trade-offs in 

terms of economic value may hide alternative trade-offs in socio-cultural value. Leaving the 

trade-offs in biophysical units or units of poverty density enables decision makers to apply 

different sets of values to them. Decision makers may express the relative strength of their values 

through their choice of weights for forest benefits and observe how they change the level of 

carbon and co-benefits protected. For example, one decision maker may see forests for their 

economic value and wish to maximize carbon to receive higher payments. Yet competing values 

of other stakeholders may lead the decision maker to compromise on economic values to 

accommodate the socio-cultural value of biodiversity and the value of poverty alleviation. The 

trade-off curves in Figures 11-14 show the level of economic returns forfeited from carbon 

storage in such a negotiation. The decision maker who values money may still find that a 10% 

reduction in carbon payments is an acceptable loss in return for carbon payments reaching 90% 
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of the nation’s poor or for protecting 84% of the average proportion of ranges of rare species 

with the smallest 50% of global ranges. Extending the analysis of trade-offs into three 

dimensions shows that it may be possible to satisfy at once all three sets of stakeholders who 

each value one of the forest benefits more highly than the others. A 10% reduction in carbon 

payments simultaneously ensures that they will reach 86% of people in poverty and protect 88% 

of the average proportion of ranges of rare species with the smallest 25% of ranges.  

Limitations to poverty alleviation 

The finding that with a 10% sacrifice in carbon it is possible for REDD+ to benefit 90% 

of Kenya’s poor in the trade-off between carbon and poverty as well as 86% of the poor in the 

trade-off among carbon, poverty, and biodiversity rests on the assumption that carbon payments 

will in fact reach those occupying forests who are in greatest need and that the risks posed by 

REDD+ will not negatively affect them. In order not to harm and to potentially improve the 

livelihoods of people living in and around forests, the implementation of REDD+ must adhere to 

the safeguards guaranteeing effective governance and respecting the rights of indigenous and 

local people. Trusting that REDD+ will meet these safeguards is widely debated. REDD+ may 

have no effect on, benefit, or harm local people (Larson 2011). Transaction costs and rights to 

land tenure may work in favor of large landholders such as the state, concession holders, or 

private companies (Campbell 2009). Higher transaction costs for numerous smallholders and less 

secure land tenure may exclude them from receiving payments for avoided deforestation. If so, 

large, wealthy landowners would disproportionately benefit from REDD+ and the program 

would have limited effect on the livelihoods of local people. REDD+ may also hurt local 

livelihoods by providing financial incentives for large landowners to reassert their tenure 

(Campbell 2009). Faced with the prospects of greater returns from managing forested land for 
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carbon storage, large landowners may withdraw from formal or informal agreements with local 

people who harvest forest products or farm the land such as sharecroppers. The conflict over land 

tenure may therefore restrict access to forest goods and dispossess smallholders of land for 

agriculture. The potential for payments for ecosystem services like carbon storage to harm local 

livelihoods is why it is important for REDD+ policies to be sensitive to institutional contexts 

such as conflicts over property rights and social relations regarding forest access to forest 

resources (Corbera et al. 2007). Designing REDD+ with this context in mind is critical to ensure 

it reduces poverty and delivers equitable outcomes. Meeting the safeguards are a necessary, but 

not a sufficient condition for improving livelihoods. In order to alleviate poverty, REDD+ must 

at minimum compensate local people for the cost of foregone opportunities of harvesting forest 

goods or clearing forest for agriculture (Wunder 2008). It remains to be seen whether 

beneficiaries of carbon storage in the developed world would provide enough compensation to 

local ecosystem services providers to exceed opportunity costs and improve livelihoods 

(Campbell 2009). Even if carbon payments break even with opportunity costs, REDD+, if 

suitably designed, may still enhance livelihoods by offering non-monetary benefits such as 

securing land tenure, strengthening local identity, and empowering communities to manage 

forests sustainably (Larson 2011). 
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CONCLUSION 

The spatial distributions of carbon and co-benefits are configured in Kenya such that 

REDD+ could contribute greater benefits to livelihoods and the conservation of rare species 

while protecting high levels of carbon. The differing spatial heterogeneity of rare species and 

species richness explains why carbon-biodiversity trade-offs in this study concur with or vary 

from those in similar analyses. Showing how biophysical units and units of poverty density trade 

off against one another allows decision makers with different sets of values to negotiate on the 

optimal level of carbon and co-benefits to conserve. There are limitations to the assumption that 

countries implementing REDD+ will adhere to safeguards and distribute payments fairly and 

locally. Assuming they do, incorporating information about the distribution of people below the 

poverty line could help REDD+ deliver payments to those most in need. The analysis presented 

here holds promise for compromise. While maintaining 90% of maximum carbon stocks, it is 

possible to include 86% of the maximum number of people below the poverty line and 88% of 

the maximum average proportion of the ranges of rare species with the smallest 25% of global 

ranges in REDD+ priority regions in Kenya. 
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FIGURES 

Fig. 1. Distribution of aboveground carbon in Kenya at 10 km resolution. 

 

Fig. 2. Distribution of poverty density in Kenya at 10 km resolution. 

 

Fig. 3. Distribution of the 187 rare species in Kenya with the smallest 50% of global ranges at 10 

km resolution. 

 

Fig. 4. Distribution of all 1133 species in Kenya at 10 km resolution. 

 

Fig. 5. Distribution of the 51 rare species in Kenya with the smallest 25% of global ranges at 10 

km resolution. 

 

Fig. 6. Correlation between aboveground carbon and people below the poverty line. The 

correlation is significant at p < 0.05 (Poverty = 0.248*Carbon + 21.7, t-value = 7.93, df = 3730). 

 

Fig. 7. Correlation between aboveground carbon and rare species with the smallest 50% of global 

ranges. The correlation is significant at p < 0.05 (Species = 0.110*Carbon + 11.4, t-value = 26.3, 

df = 5835). 

 

Fig. 8. Correlation between aboveground carbon and species richness. The correlation is 

significant at p < 0.05 (Species = 1.09*Carbon + 376, t-value = 25.3, df = 5835). 
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Fig. 9. Correlation between aboveground carbon and species richness with the smallest 25% of 

global ranges. The correlation is significant at p < 0.05 (Species = 0.002*Carbon + 0.250, t-value 

= 12.1, df = 5835). 

 

Fig. 10. Relationship between Kenya District level poverty data from 1999 and 2006. The 

correlation is significant at p < 0.05 (Poverty_06 = 0.907*Poverty_99 + 41750, t-value = 11.8, df 

= 63). 

 

Fig. 11. Trade-off between carbon and number of people below the poverty line. The left side 

shows the proportion of carbon and people when carbon is weighed more heavily and the right 

when poverty is weighed more heavily. A 10% reduction (dashed line) in maximum carbon 

includes 90% of the maximum number of people below the poverty line. 

 

Fig. 12. Trade-off between carbon and rare species with the smallest 50% of global ranges. The 

left side shows the proportion of carbon and the average proportion of rare species ranges when 

carbon is weighed more heavily and the right when rare species are weighed more heavily. A 

10% reduction (dashed line) in maximum carbon maintains 84% of the maximum average 

proportion of ranges of rare species with the smallest 50% of global ranges. 

 

Fig. 13. Trade-off between carbon and species richness. The left side shows the proportion of 

carbon and average proportion of all species ranges when carbon is weighed more heavily and 

the right when species richness is weighed more heavily. A 10% reduction (dashed line) in 
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maximum carbon maintains 85% of the maximum average proportion of the ranges of all 

species. 

 

Fig. 14. Trade-off between carbon and rare species with the smallest 25% of global ranges. The 

left side shows the proportion of carbon and average proportion of rare species ranges when 

carbon is weighed more heavily and the right when rare species are weighed more heavily. A 

10% reduction (dashed line) in maximum carbon maintains 94% of the maximum average 

proportion of ranges of rare species with the smallest 25% of global ranges. 

 

Fig. 15. Trade-offs between carbon and poverty (a), rare species with the smallest 50% of global 

ranges (b), species richness (c), and rare species with the smallest 25% of global ranges (d) with 

10%, 30%, and 50% of the total area of Kenya protected. 

 

Fig. 16. Trade-offs between carbon, poverty, and rare species with the smallest 25% of global 

ranges. A 10% reduction (horizontal lattice) in maximum carbon includes 86% of the maximum 

number of people below the poverty line and maintains 88% of the maximum average proportion 

of ranges of rare species with the smallest 25% global of ranges. An interactive version of this 

figure is available at https://dl.dropboxusercontent.com/u/60111098/index.html. 

 

Fig. 17. Optimal Zonation output that allows for the simultaneous inclusion of 90% of maximum 

carbon, 86% of maximum poverty, and 88% of the maximum average proportion of the ranges of 

rare species with the smallest 25% of global ranges in 30% of Kenya. The 30% of cells with the 

highest rank (shown in shades of red) are those that achieve these targets. In this Zonation run, 

https://dl.dropboxusercontent.com/u/60111098/index.html
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carbon has a weight of 51, poverty a weight of 58.6, and lower quartile species a collective 

weight of 58.65.  
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Fig. 1. 
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Fig. 2. 
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Fig. 3. 
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Fig. 4. 
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Fig. 5. 
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Fig. 6. 

 

 
 

Fig. 7. 
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Fig. 8. 

 

 
 

Fig. 9. 
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Fig. 10. 
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Fig. 11. 
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Fig. 12. 
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Fig. 13. 
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Fig. 14. 
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Fig. 15. 
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Fig. 16. 
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Fig. 17.  
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TABLES 

Table 1: Proportion of carbon and people below the poverty line represented under varying 

relative weightings between poverty and carbon. 

Table 2: Proportion of carbon and rare species with the smallest 50% of global ranges 

represented under varying relative weightings between rare species and carbon. 

Table 3: Proportion of carbon and species richness represented under varying relative weightings 

between species richness and carbon. 

Table 4: Proportion of carbon and rare species with the smallest 25% of global ranges 

represented under varying relative weightings between rare species and carbon. 

Table 1. 

  

Weight Carbon Poverty % C lost % Pov represented 

Car only 0.66 0.41 0% 44% 

2-3 0.66 0.49 0% 53% 

2-2 0.65 0.62 2% 67% 

2-1 0.64 0.72 3% 78% 

20 0.62 0.79 6% 85% 

20.735 0.59 0.84 10% 90% 

21 0.59 0.85 12% 92% 

22 0.55 0.89 17% 96% 

23 0.49 0.91 25% 98% 

24 0.44 0.93 33% 100% 

25 0.40 0.93 40% 100% 

26 0.40 0.93 40% 100% 

27 0.40 0.93 40% 100% 

28 0.40 0.93 40% 100% 

29 0.40 0.93 40% 100% 

210 0.40 0.93 40% 100% 

211 0.40 0.93 40% 100% 

212 0.40 0.93 40% 100% 

Pov only 0.40 0.93 40% 100% 
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Table 2. 

 

Weight Carbon Rare species (50%) % C lost % Rare (50%) conserved 

Car only 0.73 0.42 0% 57% 

2-3 0.73 0.45 0% 60% 

2-2 0.73 0.48 0% 64% 

2-1 0.73 0.50 1% 67% 

20 0.72 0.53 2% 70% 

21 0.71 0.56 4% 75% 

22 0.67 0.62 8% 82% 

22.28 0.66 0.63 10% 84% 

23 0.60 0.68 17% 91% 

24 0.52 0.72 29% 96% 

25 0.43 0.74 41% 99% 

26 0.40 0.75 46% 100% 

27 0.39 0.75 46% 100% 

28 0.39 0.75 46% 100% 

29 0.39 0.75 46% 100% 

210 0.39 0.75 46% 100% 

211 0.39 0.75 46% 100% 

212 0.39 0.75 46% 100% 

Bio only 0.40 0.75 46% 100% 
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Table 3. 

 

Weight Carbon Species richness % C lost % Species conserved 

Car only 0.73 0.40 0% 70% 

2-3 0.73 0.40 0% 70% 

2-2 0.73 0.40 0% 70% 

2-1 0.73 0.41 0% 72% 

20 0.73 0.41 0% 73% 

21 0.73 0.42 1% 74% 

22 0.72 0.42 2% 74% 

23 0.70 0.45 4% 79% 

24 0.67 0.47 8% 83% 

24.29 0.66 0.48 10% 85% 

25 0.61 0.52 17% 91% 

26 0.52 0.55 29% 97% 

27 0.44 0.56 40% 100% 

28 0.41 0.56 44% 100% 

29 0.40 0.56 45% 100% 

210 0.40 0.56 45% 100% 

211 0.40 0.57 45% 100% 

212 0.40 0.57 45% 100% 

Bio only 0.40 0.57 45% 100% 
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Table 4. 

 

Weight Carbon Rare species (25%) % C lost % Rare (25%) conserved 

Car only 0.73 0.45 0% 51% 

2-3 0.73 0.63 0% 72% 

2-2 0.73 0.68 1% 77% 

2-1 0.72 0.72 1% 82% 

20 0.71 0.77 3% 87% 

21 0.68 0.81 7% 92% 

21.45 0.66 0.83 10% 95% 

22 0.62 0.85 15% 97% 

23 0.57 0.87 23% 98% 

24 0.50 0.88 32% 100% 

25 0.49 0.88 33% 100% 

26 0.49 0.88 33% 100% 

27 0.49 0.88 33% 100% 

28 0.49 0.88 33% 100% 

29 0.49 0.88 33% 100% 

210 0.49 0.88 33% 100% 

211 0.49 0.88 33% 100% 

212 0.49 0.88 33% 100% 

Bio only 0.40 0.88 45% 100% 

 


