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1. Introduction 

The Changing Wealth of Nations 2018 by the World Bank tracks the total wealth of 141 

countries between 1995 and 2014 (Lange, Wodon and Carey 2018). The total wealth of a country 

consists of the following four components: produced capital, natural capital, human capital, and 

net foreign assets. Natural capital, which includes energy, minerals, agricultural land, protected 

areas, and forests, constitutes nine percent of total global wealth in 2014, with forests alone 

comprising 22 percent of total natural capital (Lange, Wodon and Carey 2018). The share of 

natural capital of total wealth varies considerably by country and is the largest component of 

wealth in low-income countries (47 percent).  

Forests contribute to natural capital through both wood and non-wood ecosystem services. Non-

wood ecosystem services comprise three different service categories: (i) recreation, hunting, and 

fishing (hereafter, referred to as “recreation” for brevity), (ii) watershed protection (hereafter, 

“water services”), and (iii) non-wood forest products. The Changing Wealth of Nations 2018 

estimates that non-wood benefits contribute 7.8 percent of total natural capital wealth.  

The economic value of non-wood ecosystem services in The Changing Wealth of Nations 2018 is 

estimated based on meta-analytic predictions developed in Siikamäki et al. (2015). The purpose 

of that assessment is to help generalize information on the economic value of forest ecosystem 

services available from the current valuation literature to the world’s forest more broadly. The 

basic problem with this generalization is that the currently available valuation literature 

addresses a select and limited set of forests that are not necessarily representative of the world’s 

forests more generally. Therefore, using results directly from the valuation literature to project 

the value of the forests throughout the world would likely lead to biased estimates.  

To address this issue, Siikamäki et al. (2015) first developed a database of conceptually 

consistent primary valuation estimates on non-wood forest ecosystem services, on a per hectare 

basis. The estimates in the database came from 123 studies of non-wood forest ecosystem 

services that were conducted in 42 countries and identified through a comprehensive literature 

search. These primary data on the value of non-wood forest ecosystem services were then 

combined with corresponding local data on the socioeconomic, ecological, biophysical and 

climatic attributes characteristics of the study areas. Using statistical regression techniques, the 

assessment next empirically identified how strongly, if at all, the different characteristics of 

forests act as drivers of the value of non-wood forest ecosystem services. After developing 

separate predictive models of the local value of for four different non-wood forest ecosystem 

services, including recreation, watershed protection, non-wood forest products, and 

habitat/species conservation, the study applied the predictive models to project the economic 

value of these four services around the world’s forest. These predictions are global in scope but 

local in scale. They were obtained by first dividing the world’s forests into 0.1º by 0.1º 

(approximately 10km by 10km) grid cells, about 1.2 million in total, then compiling data for 

each grid cell on the different drivers of the value of forest ecosystem services, as identified in 

the meta-regression, and finally, using the meta-regression predictive model to estimate the local 
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value of each ecosystem service in different forested grid cell across the globe. Country-level 

estimates were then derived by aggregating and averaging grid-cell level predictions by country. 

This approach substituted the previous approach used by The World Bank to estimate the wealth 

of nations, which used globally uniform or near uniform values estimated by Lampietti and 

Dixon (1995).  

The revised estimates produced by Siikamäki et al. (2015) of the total non-wood forest wealth 

are greater, on average, than those derived using the approach by Lampietti and Dixon (1995). 

Moreover, the new assessment predicts substantial heterogeneity in the values, including 

countries for which the value estimates decline relative to the previous approach.   

In this assessment, we begin from the study by Siikamäki et al. (2015) and extend it in three 

main ways: First, we update and augment studies in the valuation database by incorporating 

newly available studies. Siikamäki et al. (2015) reviewed 287 studies, from which 185 value 

from 123 studies estimates were included in the final database. The current report includes 85 

additional value estimates that were extracted after reviewing 375 new papers. Second, we 

complement the meta-regression analyses in Siikamäki et al. (2015) by machine learning 

approaches to predicting the economic value of non-wood forest ecosystem services. Third, we 

formulate an operational method for identifying forest degradation based on remote sensed data 

that can be applied globally and estimate how the economic value of different forest ecosystem 

services is affected by forest degradation. Using the results, forest degradation may be included 

as a determinant of the economic value of non-wood forest ecosystem services. 

The rest of the report is structured as follows. In the next section, the report explains the 

development of the database of non-wood forest ecosystem service valuation literature and 

provides summary statistics of the values obtained from the literature. Section 3 explains the 

construction of predictive models for four different non-wood forest ecosystem services: 

recreation; watershed protection services; non-wood forest products, and habitat and species 

protection. Section 4 describes the database construction. Section 5 discusses the estimation 

results and predicts global estimates using a 0.1º by 0.1º world grid as well as at country level. 

Section 6 develops an operational method for identifying forest degradation based on remote 

sensing and examines how forest degradation is linked to the value of the four non-wood forest 

ecosystem services examined. A discussion concludes the report.  
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2. Development of database of non-wood forest ecosystem service 

valuation studies  

2.1 Literature review and data extraction 

The first task in this assessment is to identify and summarize literature on economic valuation of 

non-wood forest ecosystem services published since 2015 and not included in Siikamäki et al. 

(2015). Appendix 1 describes the literature review process and compares the value estimates 

during the first and the second wave of literature review. We followed the same criteria as in 

Siikamäki et al. (2015) for a study value to be included: 

1. Focus on non-wood forest ecosystem service valuation 

2. Provide primary estimates of the economic value of non-wood forest ecosystem services 

(as opposed to secondary valuation studies that estimate the value of ecosystem services 

based on results from other studies in the literature); and 

3. Potentially enable estimation of values expressed in per-unit-area estimates (e.g.: $/ha) 

The above criteria are purposefully general so that the first stage of the literature search unlikely 

excludes any potentially relevant studies. Because of that reason, we identify many studies which 

in the end are not applicable for the database. We detect such studies by conducting detailed 

reviews of each study initially identified, as explained below.   

We used multiple sources to help find potentially relevant literature. We started from two general 

ecosystem valuation literature databases: (1) The Economics of Ecosystems and Biodiversity 

(TEEB) and (2) the Environmental Valuation Reference Inventory (EVRI). Both databases are 

publicly available and comprise searchable collections of academic and non-academic literature 

on environmental and ecosystem valuation studies. They include information on all ecosystems, 

not just forests. While EVRI is continuously updated, the TEEB database does not include 

studies after 2014 so it did not yield additional data.  

In addition, we conducted systematic searches of other literature databases, such as Google 

Scholar, EconLit, Environment Complete, and Research Papers in Economics (RePEc). The 

search was complemented by a specific search in four multidisciplinary journals: Nature (and all 

the journals in Nature collection), Science (and all the journals in Science collection), 

Proceedings of the National Academy of Sciences (PNAS), and PLOS ONE. Finally, we used a 

“snowballing” technique while conducting detailed reviews of studies already identified. We 

checked through the references of each study and added possibly relevant studies into our 

database if not already in. See Appendix 1 for further information. 

Academic peer-reviewed literature, our key focus in the literature searches, offers relatively 

narrow representation of geographic regions and ecosystem services. Therefore, we also 

searched for and included any available grey literature (reports, books, theses, other non-journal 

publications), so long as those studies were deemed relevant and methodologically sound. 
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Figure 1: Studies found in the different stages of the search and number of values extracted 

during the database update, including both Siikamäki et al. (2015) and this revision 

 

 

Considering both Siikamäki et al. (2015) and this assessment, 659 studies were identified for 

further review (Error! Reference source not found.). We were unable to obtain 33 studies from 

this group, despite efforts to locate them online, using interlibrary loan or direct purchase, and, in 

some cases, directly contacting the study authors. The studies we were unable to access are often 

grey literature and/or published long time ago. They are listed in Appendix  along with all other 

studies included in the assessment. By and large, we were able to obtain any essential and 

relatively recent publications, especially those published in peer-reviewed academic journals. 

See Appendix  for the list of included studies. 

We developed a study review protocol to extract all relevant information from each study 

(Section A1.2 in Appendix 1: Update the metadata analysis by incorporating newly available 

studies). This includes the extraction of study area ecological characteristics (biome, forest type, 

inland/coastal, other landscapes); study location (country, country income group, protection 

status, study site area, scale of research, region continent and coordinates); ecosystem service(s) 

addresses as well as classification as domestic/foreign value of service and as direct, indirect and 

non-use; value information (year of value, valuation method, valuation type reported value, units, 

value currency); as well as other study variables (type of publication, publication year and 

sample size, if applicable). 

Our end goal is to develop estimates of the value of forest ecosystem services on a per hectare 

basis. Therefore, a key task in the first review was to determine whether the study reports value 

estimates on a per unit area basis (per hectare, per acre, per km2, and so forth) or includes other 

information which we would be able to derive such estimates. If any potentially relevant value 

estimates were found from the study, we recorded them in the database. This first review yielded 

410 studies that could potentially be included in the database (Figure 1).  

Many of the studies originally identified in the literature search, in the end, were not applicable 

for this assessment. We recorded the primary reason for exclusion for each excluded study 

(Appendix 1.3). For example, when we identified methodological approaches inconsistent with 

the principles of ecosystem service valuation, we excluded the study. This criterion was the 

leading reason for exclusion, applying to 78 studies (32% of all excluded studies). The second 

most prevalent reason for exclusion includes valuation studies for which there were not sufficient 

659 studies 
identified for 

detailed review

410 studies 
selected to 

extract values 
after main filters

270 values 
extracted from 

164 studies
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information to convert to per unit area values, and those focused on non-applicable ecological 

endpoint, each of them showing 44 studies excluded, representing 18% of the total number of 

excluded studies. In addition, we excluded studies that address values for ecological endpoints 

outside the scope of this assessment (non-wood benefits), such as timber or wood fuel or carbon 

sequestration. Non-applicable ecological endpoints also include studies, which estimate 

aggregate wood and non-wood benefits without sufficient information to help separate out the 

non-wood portion of the benefits. Similarly, if the study explicitly addressed carbon and non-

carbon value without separating them from one another, we excluded the estimate. At the end, 

the final database contains 270 observations regarding values from 164 studies (Figure 1). See 

Appendix .3 for more details of the reasons for discarding studies from this assessment. 

We use a value estimate as the unit of observation. However, we did not include in the database 

every possible value estimate from each study because especially journal articles often report 

many estimates addressing the same forest but derived under slightly different assumptions. In 

those situations, we determined a preferred or representative estimate, or averaged the listed 

estimates if no preferred estimate could be identified. If the methodologies underpinning the 

different estimates were completely different (for example, travel cost methods and contingent 

valuation), we recorded multiple estimates instead choosing a preferred estimate or taking an 

average.  

We included multiple records for studies that report value estimates for different services and/or 

study areas. For such studies, the study area characteristics may also vary by value estimate. To 

address this, we recorded the location (latitude, longitude) of each value estimate.  

Many studies lack information necessary to develop value estimates on a per unit area basis. In 

these situations, we turned to external sources to search for supplemental data. Typically, these 

efforts included retrieving data on variables such as study area size (when not mentioned in the 

study), study area location (coordinates), number of households or population addressed by value 

estimate (to calculate aggregate values); and ecological characteristics of study area (type of 

forest, biome). We used mostly online searches to find external data, as well as GIS processing 

and correspondence with articles authors and other relevant stakeholders. We implemented 

several steps of quality assurance/quality control to help develop robust and consistent 

summaries of studies included in the database (Appendix 3).    

Value estimates extracted from the studies were converted to year 2013 USD constant prices 

adjusted by using purchasing power parity (PPP). Study review quality control/quality assurance 

protocol 

We implemented several steps of quality assurance/quality control (QA/QC) to help develop 

robust and consistent summaries of studies included in the database. One of the primary QA/QC 

protocols involved a duplicate review of each study by another reviewer. The second reviewer 

evaluated and confirmed information developed and recorded in the first review. When 

discrepancies appeared, they were resolved in a discussion among the two reviewers, typically 

with assistance from the PI (Siikamäki). 
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In addition, each reviewer noted any missing details or questions relevant in the context of each 

study. The reviewers also recorded the method to develop each value estimate, including details 

on any calculations and external data required.  

During the first wave of reviews in 2015, the group of researchers developing the database (three 

research assistants and the PI during the first wave in 2015) met at least twice a week, each time 

typically for several hours, to review and examine studies and to discuss any complications or 

open questions. The purpose of the group meetings was to maximize consistency of different 

reviews and enable learning within the group. In addition to the meetings, each study review and 

value estimate was discussed, reviewed, and potentially revised jointly by the reviewer and PI. 

The update of studies in 2019 was done by one researcher with frequent meeting with the PI to 

discuss discrepancies. 

Finally, at the conclusion of the literature reviews and database development, the value database 

and all variables constructed to support the analysis were once more reviewed and finalized in 

collaboration between the PI and the research assistant primarily responsible for a specific 

study/value. This helps ensure that all the study characteristics in the database are consistently 

and comprehensively developed and recorded.   

 

Appendix 4: Currency conversion 

Determining the year of value estimates 

Information on the currency and currency year of the value estimate enables the use of deflators 

to develop comparable estimates from multiple study years and countries across the world. When 

recording the year of valuation, we searched for the currency year of value estimate from the 

publication. If the year was not listed, we searched for information on the year of data collection 

and used it for the year of currency.  

If neither approach yielded the year, we approximated when the publication was prepared. 

However, we did not necessarily use the year of publication for the year of value. Instead, we 

looked for, for example, the year of initial submission which is often listed for journal articles. 

Using the initial submission date and assuming a typical lag between data collection and 

manuscript preparation, we listed the year of currency as the year of the submission or the year 

before the submission. If the initial submission of a journal article was during the first 6 months 

of the year (e.g., February 2001), and the study listed no information on the year of the currency, 

then we recorded the year before as the currency year (2000). But for studies submitted in the 

last 6 months of the calendar year, we recorded the calendar year of the submission as the 

currency year. Note that these imputations are necessary only for studies which list no 

information to more precisely determine the year of the currency (not a common occurrence).  

 

Conversion of values into international dollars  
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For the statistical analysis we use the year 2013 PPP adjusted USD, often referred to as 

“international dollar”, for the common denomination of value estimates. The global prediction 

values are reported in current USD.  

The original value estimates come from many years and in many currencies. When the original 

value estimate is in LCU, we first used a local GDP deflator to express the value in the year 2013 

LCU. This value was then converted to international dollar by using purchasing power parity 

(PPP) conversion. PPP adjusted exchanges rates make estimates from different countries 

comparable as economic values. 

Several studies address values in LCU but use USD in reporting the results. However, these 

estimates are typically not PPP-adjusted but use a conversion based on currency exchange rate. 

To ensure consistent use of PPP adjusted estimates, we first converted any original, non-US 

estimates expressed in USD, back into LCU, using either the exchange rate reported in the 

publication or, in its absence, the reported exchange rate for the year of value estimates. The 

currency conversion was then conducted similarly as for value originally listed in LCU.  

Finally, PPP conversion factors are not available for a few countries. For them, we first deflated 

the value into 2013 using a local GDP deflator and then adjusted the 2013 LCU value into 

international dollars using a regionally averaged PPP conversion factor (using UN sub-regions as 

regions).  

 

Conversion into value per hectare per year 

We convert all value estimates into international dollars per hectare per year ($2013). When the 

original value estimates were expressed in other units, we converted them into per hectare per 

year values. For example, if the original value estimate addressed recreational benefits in a 

specific area of forest, expressed on value per visit basis, we used information on the number of 

annual visitors to estimate total annual benefits from the forest. Then, we used the total forest 

area to estimate recreation benefits per year per hectare.  

Some studies list value estimates in net present value (NPV). If the study listed the discount rate 

and the time horizon used in the NPV calculation, we converted it to annual value using the 

following relationship:  

Annual value  
𝑁𝑃𝑉

𝐴𝑡,𝑟
, where 𝐴𝑡,𝑟 =  

1 − (
1

1 + 𝑟
)

𝑡

𝑟
 

When the original value was listed in NPV but no information was given on the applicable 

discount rate and time horizon, we used the World Bank wealth assessment assumptions (4% 

discount rate, 25-year time horizon) to convert the value into annual terms. There are very few 

cases for which this was necessary. 
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World grid data and conversion factors 

Most of the underlying data to predict the value of non-wood forest ecosystem services is 

produced globally processing GIS data. We also include country statistics, like Gross National 

Income (GNI). Sometimes, the GNI is not available for some countries from the main data 

source used in this study, the World Bank World Development Indicators (The World Bank, 

2020). This is the case, for example, of North Korea, Croatia, or Taiwan. When this is the case, 

we used alternative data sources, like the United Nations National Accounts Main Aggregates 

Database (United Nations, 2020), or statistics from National Statistics bureaus.  

To predict annual values at current USD, we first compiled GNI time series in local currency for 

1995 – 2018. We converted it to 2013 USD PPP international dollars using the proceeding 

described below. Using this data, we predicted annual values for every year in 2013 USD PPP 

international dollars. To convert this values to annual current dollars we first convert them to 

2013 LCU using the 2013 country PPP conversion factor. When the 2013 PPP conversion factor 

was not available, as for example, was the case for North Korea and Cuba, we used the 2011 PPP 

conversion factor as a proxy. 2011 is the base year for the PPP conversion factor, and available 

for almost every country. The time series of PPP conversion factors produced by The World 

Bank are extrapolations of the 2011 data using price index adjustments. Second, we converted 

the 2013 LCU into the annual current USD using the average exchange rate for the current year. 

Exchange rate data was obtained from The World Bank World Development Indicators (The 

World Bank, 2020). This is the methodology used by The World Bank to convert LCU into 

constant US dollars. 

 

 explains the currency conversion. However, results in the report are presented in nominal USD 

(not PPP adjusted) per hectare per year to facilitate directly using the results to inform the World 

Bank forest wealth assessment. 

2.2 Value estimates by ecosystem services and estimation method 

When recording the type of ecosystem service, we initially used a fine-grained classification, 

including cultural/existence value; erosion control; fishing; flood protection; habitat/species 

protection; hunting; landscape aesthetics; non-wood forest products; recreation; and various 

types of water related services such as water quality or water quantity. We later aggregated these 

classifications into fewer but still meaningful aggregate categories to help facilitate empirical 

analyses which require a considerable number of observations per service. The ecosystem 

services were aggregated into four main categories representative of the literature:  

1) recreation, hunting, and fishing (referred to as ‘recreation’ in the rest of the report), 

2) habitat and species protection, 

3) non-wood forest products, and  

4) water services.  
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These four ecosystem service categories organize value estimates so that each category 

represents relatively similar studies concerning the study objectives, methodologies, and general 

settings.  

Figure 2 shows the number of values per ecosystem service category and sub-category. 

Recreation includes value estimates addressing recreation, hunting, and fishing. The estimation 

dataset includes 113 recreation-related value estimates. Habitat and species protection includes 

values classified as habitat and species protection, cultural/existence values, or landscape 

aesthetics. There are 76 value estimates in this category in the estimation dataset. Values 

addressing non-wood forest products include 49 estimates in the estimation dataset. Values 

classified as “water services” come from studies, which address benefits from forests on water 

quality / water quantity, often in the context of controlling water flow and pollution from erosion 

and other sources, enabling hydropower, avoiding disasters, or the impact on crop yields by 

controlling weather. There are 32 value estimates for water services in the estimation dataset.  

 

Figure 2: Nº of values per ecosystem service and sub-service 

 

 

The value estimates per ecosystem service category were obtained using different methods. 

Appendix 1 shows the distribution of methods by ecosystem service category and compares the 

frequency of value estimates per method between the first wave of literature review in 2015 and 

the database update in 2019. Differences between the valuation studies in the above four 

categories are so substantial that their further aggregation is not justified. Moreover, the number 

of studies in each above four categories enable separate statistical assessments, in particular for 

recreation and habitat and species protection, which have 113 and 76 value estimates, 

respectively. The number of value estimates for non-wood forest products (49) and water 

services (32) is more limited but regardless, enables further analyses as separate ecosystem 

service categories. 

Hunting
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Each ecosystem service includes studies from developed and developing countries, thus, 

combine data from different settings in terms of the characteristics of activities associated with 

benefiting from the service. For example, while recreation in developing countries is typically 

associated with leisure enjoyment, individuals in developing countries may engage in similar 

activities to support subsistence. We address this situation in two primary ways. First, we 

classify activities to collect food and/or income in developing countries as a non-wood forest 

product service. Second, we use statistical controls in the empirical modelling to account for 

differences systematically associated with conditions such as income level of the country.      

 

2.3 Geographical distribution of values by ecosystem service  

The meta-regression estimation dataset includes values from 53 countries from five continents. 

The greatest number of value estimates comes from Europe, which has a total of 118 estimates 

(43.7% of all value estimates in the dataset). America has the second highest number of 

estimates in the dataset, including 78 estimates or 28.9% of global total. Asia is the continent 

with the third highest number of value estimates. It has a total of 40 estimates (14.4% of global 

total). The continents with the least number of value estimates are Africa (21 estimates, 7.8% of 

the global dataset) and Oceania (14 estimates, 5.2%). Error! Reference source not found. in 

Appendix  shows the value estimates by country and continent. 

 

 

 

 

 

 

 

Figure 3 maps the geographic locations of value estimates, showing concentrations in Europe, 

North and South America, and Southeast Asia. The map also indicates relatively wide global 

distribution in the dataset. For example, all continents with forests are represented. Moreover, all 

different forest biomes—humid tropics, dry tropics, temperate, and boreal—are represented in 

the estimation dataset. The map also illustrates a key limitation of the forest ecosystem service 

valuation literature. There is no coverage of Russian forests in the literature although they cover 

one fifth of all global forests; an area almost as large as forests in all of South America.  

The greatest number of value estimates comes from Europe, which has a total of 118 estimates 

(43.7% of all value estimates in the dataset). America has the second highest number of 

estimates in the dataset, including 78 estimates or 28.9% of global total. Asia is the continent 

with the third highest number of value estimates. It has a total of 40 estimates (14.4% of global 

total). The continents with the least number of value estimates are Africa (21 estimates, 7.8% of 
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the global dataset) and Oceania (14 estimates, 5.2%). Error! Reference source not found. in 

Appendix  shows the value estimates by country and continent. 

 

 

 

 

 

 

 

Figure 3: Geographic location of value estimates 

 

 

Figure 4 maps the geographic distribution of value estimates by ecosystem service. Recreation 

value estimates come mainly from Europe, Southeast Asia, and North America but also represent 

Africa, Central and South America, and Oceania (Figure 4.a). Habitat/species protection value 

estimates are frequently from Europe and North America but also include data from each other 

continent—Asia, Africa, Oceania—as well as South America as a sub-continent in America 

(Figure 4.b). The number of value estimates non-wood forest products (4.c) and water services 

(4.d) in each category is relatively small, but the geographic distribution of the estimates is quite 

broad. Studies in non-wood forest products are concentrated in Europe, although all continents in 

the dataset, except for Oceania, are represented with five or more values. Water service value 

estimates are mostly located in the Americas. However, all the continents have at least one value 

estimate. With North America and Europe most frequently represented in the valuation literature, 

we were particularly focused in literature searches to find studies from elsewhere around the 

world.  
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Figure 4: Geographical location of value estimates by ecosystem service category 

 

 

 

 
 

a. Recreation b. Habitat/species protection 

c. Non-wood forest products d. Water services 
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2.4 Value estimates 

Figure 5 uses box-whisker plots to graphically summarize the value estimates in the estimation 

dataset by ecosystem service; biome; continent; and country income category. In the figures, the 

ends of “whiskers” denote the minimum and maximum of estimates; the box in the middle 

ranges from the 25th to 75th percentile of the estimates, and the line within the box shows the 

median.  

The range of values is considerable both within and between different ecosystem services 

(Figure 5, top left). Non-wood forest products have the lowest median (and minimum) value, 

followed by water services, recreation, and habitat/species protection. Variation by biome 

(Figure 5, top right) is less distinct, with boreal values lowest in the median, followed by tropics 

in the middle and temperate forests as the highest. The range of value estimates is especially 

wide in the tropics. 

When summarizing values by continent (Figure 5, bottom left), Africa has relatively low values 

but other continents seem relatively similar. When examined by country-income group, Figure 5 

(bottom right) shows that low-income countries tend to have relatively low values. Moreover, 

value estimates from low-income countries are relatively more concentrated than those from 

middle and high income countries.  
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Figure 5: Value estimates by ecosystem service (top-left), biome (top-right), continent (bottom left), and income group (bottom 

right).  
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3. Methods for the spatial estimation of the value of non-wood forest 

ecosystem services globally 

3.1. Overview 

 

 

Figure 6 illustrates the general conceptual approach developed to construct spatial estimates of 

the economic value of non-wood forest ecosystem services worldwide. As explained in the 

previous sections, we identified the latitude and longitude of each study area included in the 

value database developed from the primary literature. We then divided the world’s forests into a 

0.1º by 0.1º (approximately 10 km by 10 km) world grid. We compiled data on several 

socioeconomic, ecological, biophysical, and climatic features at the grid cell level using 

Geographical Information Systems (GIS) and linked those data to the studies included by using 

their latitude and longitude ( 

Figure 6, left panel). The construction of spatial data is described in Section 4. 

 

 

Figure 6: General methodological approach  

 

Note: own elaboration using data from (Willmott and Matsuura, 2015) for temperature, (Center for International Earth Science Information 

Network - CIESIN - Columbia University, 2018) for population density, and (ESA, 2017b) for land cover. 
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The data produced were then used to examine the characteristics of the study areas as 

determinants of the value of non-wood forest ecosystem services. This was conducted using two 

alternative statistical approaches: (1) meta-regression and (2) machine learning ( 

Figure 6, central panel). We developed separate statistical models for each of the four services 

considered: recreation, habitat and species protection, non-wood forest products, and water 

services, assuming that studies within each category are similar enough to be meaningfully 

combined as a group, which is one of the assumptions required for meta-regressions (Borenstein 

et al., 2009; Nelson and Kennedy, 2009; Cochrane, 2019). For each service, we developed 

preferred models selected by using both conceptual and statistical criteria. These models are then 

used to predict the economic value of different non-wood forest ecosystem services locally at the 

grid-cell level, across the entire world grid ( 

Figure 6, right panel). 

To develop local predictions of the value of non-wood forest ecosystem services, we depart from 

a conditional expectation function that characterizes their value (per hectare) as a function of 

socioeconomic (e.g. income per capita, population density), biophysical (e.g., latitude), 

ecological (e.g. ecosystem type, species richness, land cover, forest degradation), and climatic 

(rainfall and temperature) attributes of each study site (Equation 1). 

 

Equation 1: 𝐸($ ℎ𝑎−1 | 𝑋 = 𝑠𝑜𝑐𝑖𝑜𝑒𝑐𝑜𝑛𝑜𝑚𝑖𝑐, 𝑏𝑖𝑜𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙, 𝑒𝑐𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙, 𝑐𝑙𝑖𝑚𝑎𝑡𝑖𝑐) = 𝑓(𝑋) 

 

Meta-regression methods are widely used across different disciplines, including natural, health, 

and social sciences. Applications to environmental economics began in the early 1990s (for 

example, Smith and Kaoru (1990)) and have since then become prevalent (Nelson and Kennedy, 

2009; Johnston et al., 2015; Johnston, Rolfe and Zawojska, 2018). Machine learning algorithms 

are a family of statistical methods that is widely used for prediction problems in agricultural 

sciences (Knapp and van der Heijden, 2018), robotics, neuroscience, speech processing and 

image recognition (Jordan and Mitchell, 2015). The increasing availability of remote sensing 

data during the last decades and the power of machine learning methods to deal with large 

datasets has boosted their use to create global datasets on forest cover (Hansen et al., 2013), 

weather (Matsuura and Willmott, 2015), biomass and land productivity (Bai et al., 2008, 2015a), 

among others.  

Regression analysis and machine learning methods involve tradeoffs between flexibility and 

interpretability. A method is less flexible, or more restrictive, when it can produce a relatively 

small range of shapes of the function f (James et al., 2016). For example, linear regression is 

relatively inflexible, because it generates single linear functions (or their non-linear 

transformations). Machine learning methods are considerably more flexible because they can 

generate a much wider range of possible shapes to predict f. 
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More restrictive models have the advantage that they are generally more interpretable, making it 

easy to understand the relationship between the predicted (dependent) and predictor 

(independent) variables. In contrast, highly flexible approaches can lead to so complicated 

relationships between the predicted and predictor variables that it is difficult to evaluate how any 

individual predictor is associated with the response in the predicted variable. If one is only 

interested in prediction, and not in the interpretability of the relationship between the predicted 

variable and its predictors, then this flexibility can help obtain statistically more powerful 

predictions. 

We estimated all models using a weighted approach to account for the fact that different studies 

contribute different numbers of observations into the estimation dataset. We weighted the 

observations in the estimation dataset so each study, not value estimate, is given equal overall 

weight in the estimations. To do so, we determined the weight of each value estimate as 1/z, 

where z is the total number of value estimates derived from the study. Accordingly, the 

estimation weight equals 1 for value estimates that come from studies that contribute one value 

estimate to the estimation dataset. For studies contributing two value estimates, each of them 

received a weight ½, and so forth. Finally, we rescaled the weights so that the weights sum up to 

the number of observations in the estimation dataset. Because we estimated separate models for 

four ecosystem services, we determined separate weights for each service. 

 

3.2 Meta-regression analysis 

The meta-regression analyses conducted assume that the relationship in Equation 2 between the 

dependent variables and the determinants is linear (or a non-monotonous transformation of the 

variables is linear), as show in Equation (2): 

 

Equation (2) 𝑙𝑛𝑦𝑖 = 𝛼 + 𝛽𝑋𝑖𝑗 + 𝜀𝑖 

 

where lnyi is the natural logarithm of the value estimate i of ecosystem services (dollars per 

hectare) identified from the literature, 𝛼 is a constant, Xij is a vector of J (indexed by j=1,2,…, J) 

independent variables to characterize the study and study area, 𝛽 is a vector of J coefficients 

estimated on independent variables X, and 𝜀𝑖 is a random error term. We use a logarithmic 

transformation of the dependent variable. It is commonly adopted to help ensure that the 

distribution of 𝜀𝑖 is consistent with the underlying assumption of normality.  

Error! Reference source not found. in the next section lists the variables examined as potential 

predictors of the value of each ecosystem service examined. The list includes a range of variables 

to describe socioeconomic characteristics of the study sites, such as GNI per capita, population 

density, distance to urban center, road density, and the protection status, and the ecosystem 

characteristics, such as the biome, temperature, precipitation, forest cover, wetland cover, and 
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species richness of the study area. We evaluate the inclusion of the predictor variables based both 

using statistical and conceptual criteria. For example, it is conceptually intuitive that income-

level and the economic value of ecosystem services are linked, keeping everything else constant. 

Therefore, we generally include GNI per capita in the model regardless of statistical 

performance. 

 

3.3 Machine learning  

We used two general strategies for machine learning, including random forest ensemble learning 

and automatized model selection (AML) (LeDell et al., 2019). Random forest (RF) is an 

ensemble learning method, built on randomized trees (Breiman, 2001), to incorporate two 

sources of randomness in the tree: random bootstrap samples and random variable selection. 

Figure 7 describes the RF algorithm.  

 

Figure 7: Random forest algorithm description 

 

 

Estimation dataset 
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First, the estimation dataset is divided in k samples with replacement (bootstrap samples). Then, 

a classification or regression trees (CART) is built for each sample (Breiman et al., 1984). Tree-

based methods partition the feature space into a set of rectangles, and then fit a simple model in 

each one (Hastie, Tibshirani and Friedman, 2009). Figure A5.2 in Appendix 5: Statistical 

methods shows an example of a construction of a tree model with one variable. The CART 

decision tree is a type of tree model that uses binary recursive partitioning with axis-parallel 

splits. This allows for the inclusion of continuous and categorical attributes as targets and 

predictors.  

The second source of randomness consists of randomly select predictor variables to use in each 

node partition. That is, each node partition is conducted only with a randomly selected subset of 

predictors, instead of all available possible predictors.  

The main advantage of decision trees is that they are relatively easy to interpret and fast to 

implement. The main disadvantage is that the model may vary substantially from one sample to 

another. The inclusion of bootstrap aggregated trees and random selection of the predictor 

variables performed by random forests provides a more robust method that often better predicts 

data outside the training data (out-of-sample).  

The result of the process described above is a collection of randomizes regression trees, where 

each one of them has information on which variables of the subset of variables in the partition 

are important predictors of the variation in the predicted variable (here, value estimates for non-

wood forest ecosystem services developed from the literature). A random forest predictor is 

constructed as the average of the randomized trees. The predictor can then be used to predict the 

value of different non-wood forest ecosystem services in each grid-cell of the world grid. See 

Appendix 5 for more information. 

The second machine learning approach we use is the automated machine learning (AML). The 

AML includes several families of machine learning algorithms, including RF. AML is the 

process of setting an automatic workflow to construct a machine learning model. We used the 

open-source platform h2o (H2O.ai, 2017). It contains an AML algorithm to perform an 

automatic model training and comparison across a fixed set of models to obtain the most 

appropriate model for each problem.  

The main advantage of AML is that it simplifies the model selection process by reducing the 

number of parameters defined by the user. The drawback of AML is its “black-box” type 

procedures to choose combinations of models that are difficult to interpret. However, AML helps 

to set a benchmark to test other methods, given that AML selects the model with the best 

performance out of sample. Here we used it mostly as a benchmark to analyze the performance 

of meta-regression and random forest models. 

3.4 Model comparison and statistical criteria for model selection 

For meta-regression analysis, we initially estimated a wide range of alternative model 

specifications (Appendix 7: Results additional tables and figures). By ecosystem service 
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analyzed, we selected models that yield the lowest out-of-sample prediction errors and that are 

also conceptually meaningful regarding the variables that drive the value of different ecosystem 

services, such as gross national income (GNI) per capita, population density, or distinct 

biophysical and climate data.  

We conducted further model selection by evaluating at the out-of-sample predictions of each 

estimation technique and analyzing their predictions using the global grid. We evaluated out-of-

sample prediction using cross-validation (Hastie, Tibshirani and Friedman, 2009; James et al., 

2016). It involves first estimating the model by excluding observations from the estimation 

dataset and then using the results to predict the value for the observations left-out sample. We 

conducted cross-validation by leaving one-study-out at each time, i.e., each model was run equal 

the same number of times as the number of studies in the sample, in each run leaving out 

observations from one study at the same time. Then, we predicted the values for the study left 

out. After looping over every study, we calculated average prediction error using cross-validation 

(Appendix 5: Statistical methods). In addition to examining out-of-sample predictions for the 

estimation dataset, we found it important to also assess the model performance by examining 

global predictions. Although a model can perform well in cross-validation, predictions for the 

world grid may be unstable due to differences between the estimation and global prediction 

datasets. Accordingly, we evaluated the model by examining the distribution of the predictions in 

the global grid, especially regarding potential tendencies for the model to produce outliers.    

After selecting preferred model specifications for different ecosystem service categories using 

meta-regression analyses, we conducted the two machine learning modeling approaches 

discussed above. We again selected the preferred machine learning model based on multiple 

criteria, including statistical criteria for out-of-sample predictions and analyses of the distribution 

of the global predictions.  

A priori, there is no clear expectation which family of methods, meta-regression or machine 

learning, would best fit the estimation dataset. The main advantage of the meta-regression is that 

it uses a predefined structural relationship between the dependent and the independent variables 

that gives direct interpretability to the results. Machine learning methods regularly statistically 

outperform meta-regression since they are more flexible in modeling the relationship between 

the predicted and predictor variables. However, this may not always the case, as more restrictive 

(structured) models may perform better out-of-sample because of the potential for overfitting by 

more flexible methods (James et al., 2016). Essentially, the statistical learning procedure of 

machine learning may go too far in finding patterns in the estimation dataset, including picking 

up patterns caused by random chances rather than by true properties of the unknown function f. 

Machine learning methods tend to increase in predictive power when working with large 

samples. However, our analysis is conducted using medium and small datasets. In addition, 

machine learning methods usually bound their predictions to the range of values in the estimation 

dataset (training dataset). Regression analysis does not bound the prediction outcome unless 

constraints are imposed post hoc. In the context of this assessment, there may be forests around 
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the globe that are highly dissimilar with the value estimates in the estimation dataset. As a result, 

when using machine learning, the value predictions in some of the global grid cells could lack 

the necessary support in the estimation dataset. On the other hand, meta-regression analysis 

estimates a structural relationship between the dependent and independent variables, so any 

extrapolation out-of-sample also takes place under the assumption that this relationship remains 

the same. While the meta-regression analysis facilitates predictions outside of the range of values 

in the estimation dataset, it may also produce estimates that are unrealistically high or low for 

particular locations.  

In conclusion, each method has advantages and disadvantages, including trade-offs between 

interpretability and flexibility and robustness of out-of-sample predictions. The two different 

approaches can be complementary in helping to understand the relationship between the value of 

non-wood forest ecosystem services and it determinants and to predict values across the globe. 

 

4. Database construction and descriptive analysis 

4.1 Construction of global variables 

Error! Reference source not found. lists the variables examined as potential determinants to 

estimate global spatial explicit prediction of non-wood forest products. We constructed 19 

variables to characterize socioeconomic, biophysical and ecological extent and condition, and 

climate determinants for each cell in the world grid using ArcGIS and spatial data. Appendix 6: 

GIS data processing and variables construction shows the data sources for each variable, and the 

description of the GIS processing for each variable. 

Socioeconomic characteristics 

Socioeconomic characteristics of the study area are conceptually plausible determinants of 

ecosystem service values. For example, available income typically affects demand for market 

goods and services, so a similar relationship may emerge for ecosystem services. Moreover, 

income may determine preferences for environment. We use country-level data on PPP adjusted 

GNI per capita, obtained for the World Development Indicators database  to measure income at 

each cell (The World Bank, 2020). When GNI data from some country was not available at the 

World Development Indicators, we used data from the United Nations National Accounts Main 

Aggregates Database (United Nations, 2020). 

We used ArcGIS and spatial data to compile data on population density, density of road network, 

and the percentage of urban area in each grid cell. In addition, we computed the distance to the 

nearest urban center from the centroid of each cell. Population density and urban areas are 

potentially important determinants of the value of ecosystem services. Although population 

density and urban area may be associated with human pressure which could depress local values 

for ecosystem services, areas of greater population density and urbanization also feature more 
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beneficiaries which may increase the value of ecosystem services on a per unit area basis. This is 

especially true for ecosystem services that are not purely exclusive (rival) in consumption, such 

as recreation or hydrological services.  

 

 

Table 1: Variables examined as potential determinants of the value of ecosystem services 

 Variable Scale Time period Source 

S
o
ci

o
ec

o
n

o
m

ic
 

Gross National Income Country 1960 – 2018 The World Bank, 2020; United 

Nations (2020) 

Population density Cells, 75 and 400 

km round buffers 

2000, 2005, 2010, 

2015, 2020 

Center for International Earth 

Science Information Network - 

CIESIN - Columbia University 

(2018) 

Urban area (%) Cells, 75 and 400 

km round buffers 

1992 – 2018 ESA (2017a) 

Distance to closest urban 

area 

Study site and cell 

centroid 

1992 – 2018 ESA (2017a) 

Road density Cells, 75 and 400 

km round buffers 

1 layer with data 

between 1980 to 2010 

CIESIN - ITO(2013) 

Protected Areas and their 

IUCN category 

Study sites and 

cells 

1 layer published in 

2016 

UNEP-WCMC and IUCN (2016) 

Forest area per capita per 

country 

Country 1990 - 2018 The World Bank (2020) 

E
co

lo
g
ic

a
l 

a
n

d
 b

io
p

h
y
si

ca
l 

Forest biome Study sites and 

cells 

1 layer published in 

2010 

Hansen, Stehman and Potapov (2010) 

Forest area (%) Cells 1992 – 2018 ESA (2017a) 

Country 1990 – 2018 The World Bank (2020) 

Wetland area (%) Cells 1 layer published in 

2004 
WWF (no date) 

Species count (total, 

mammals, and bird) 

Cell 1 layer last published 

2019 

BirdLife International and Handbook 

of the Birds of the World (2019) and 

IUCN (2019) 

Distance to the Equator 

(latitude) 

Cell centroid   

Normalized Difference 

Vegetation Index  (NDVI) 

Cells 1982 – 2018 Vermote and NOAA CDR Program 

(2019) 

Net Primary Productivity 

(NPP) 

Cells 2000 – 2016 Running et al. (1999) 

Climate Temperature and rainfall  Cells 1900 - 2017 Matsuura and Willmott (2018b, 

2018a) 

F
o

re
st

 

d
eg

ra
d

a
ti

o
n

 

NDVI trend 1982 – 2018 

(Theil – Sen median) 

Cells 1982 - 2018 Own elaboration based on Vermote 

and NOAA CDR Program (2019) 

Forest cover change 1992 

– 2018 

Cells 1992 - 2018 ESA (2017a) 

% of threatened species 

(all, mammals, birds) 

Cells 1 layer last published 

2019 

BirdLife International and Handbook 

of the Birds of the World (2019) and  

IUCN (2019) 
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 Variable Scale Time period Source 

Nº of threatened species 

(all, mammals, birds) 

Cells 1 layer last published 

2019 

BirdLife International and Handbook 

of the Birds of the World (2019) and  

IUCN (2019) 

 

Road density is similar in character, in particular for direct use values, such as recreation and 

non-wood forest products. Increasing road density might be related with increasing landscape 

fragmentation, and hence with environmental degradation, but at the same time, it is also 

increases accessibility of forests to potential users. In the end, the relationship between these 

variables and ecosystem service values is an empirical matter.  

Socioeconomic determinants might be related with demand for non-wood forest ecosystem 

services at a larger scale than the grid-cell. For example, many of the beneficiaries may be 

situated outside the grid-cell of the study area. To examine this, we constructed alternative 

approaches to measuring local population density, roads density and percentage of urban area. 

We measure each of these variables within 25, 50, 75, 100, 200, and 400 km circular buffers 

from the centroid of each grid-cell. After exploratory analyses of the correlations between these 

variables, we decided to work with three scales: grid-cell, 75 km, and 400 km. Appendix 6: GIS 

data processing and variables construction describes the process to construct each variable within 

each buffer. 

In addition, we computed the total forest area per person per country using data from The World 

Bank (2020). We included this variable as an indicator of scarcity of forests that may drive the 

demand for forest ecosystem services. 

 

Ecological and biophysical characteristics 

We processed several variables characterizing the biophysical and ecological features of forests 

using ArcGIS and spatial data. We compiled data on the forest biome and for land use, including 

the percentage forest and wetland cover by grid cell. These data help examine whether the 

magnitude of ecosystem service values is related to the scarcity of ecosystems in the study area.  

Biodiversity may also drive the value of ecosystem services. We processed data from the 

International Union for the Conservation of Nature (IUCN) and Birdlife International to measure 

species richness (total number of species extant) at each cell in the world grid (BirdLife 

International and Handbook of the Birds of the World, 2019; IUCN, 2019). The species data 

from IUCN and Birdlife International comprises overlapping polygons denoting species ranges 

for mammals, amphibians, and reptiles. We used ArcGIS to count the number of extant species 

in each study location. We also measured the distance of the study locations from the equator so 

that any latitudinal gradient (typical for biodiversity) in the value of ecosystem services can be 

examined. 
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The protection status of a forest area can be a relevant determinant of the value of non-wood 

forest ecosystem services. The degree of protection might be related to the level of supply of 

ecosystem services, as well as the types of uses that the beneficiaries may engage in. We 

compiled data on protected areas using the World Database on Protected Areas (UNEP-WCMC 

and IUCN, 2016). We computed two measures regarding protected area: (1) the percentage of a 

cell that is protected, and (2) area of protected areas intersected with the cell. In addition, we 

recorded the IUCN protection category of the protection area intersected with a cell. When more 

than one protected area was intersected with a cell, we recorded the strictest protection category. 

Forest condition can be closely related with the value of forest ecosystem services. For example, 

healthier forests likely supply greater flows of ecosystem services, such as water services and 

non-wood forest products. Ecosystem productivity is an important indicator of forest condition. 

We computed the Net Primary Productivity (NPP) monthly for each cell between 2000 and 2016. 

NPP measures how much carbon dioxide vegetation takes in during photosynthesis minus how 

much carbon dioxide the plants release during respiration, as an indicator of forest health, using 

data by Running et al. (1999). We also computed the Normalized Difference Vegetation Index 

(NDVI) monthly between 1982 and 2018. The NDVI summarizes the measurement of surface 

vegetation coverage activity (Vermote and NOAA CDR Program, 2019), i.e. the level of 

‘vegetation greenness’.  

Both NPP and NDVI show high variation within a year, related to seasonal change. Moreover, 

some monthly observations are driven by snow cover during winter, or the lack of satellite 

images for specific regions in specific time periods (e.g. due to cloud cover). To handle this, we 

computed for each grid-cell the average of the three maximum monthly NDVI values per year. 

This is a reasonable proxy of the ecosystem condition in a grid cell that allows for different 

locations to have different seasonal patterns that could otherwise introduce variation that is not 

directly relevant (for example, areas of winter snow cover experience low NDVI value in winter 

but it has little to do with degradation). In addition, we use the NDVI dataset to proxy forest 

degradation by measuring the trend of the variable between 1982 and 2018 (discussed below). 

We do not use NPP to proxy forest degradation because NPP data is available for a much shorter 

time period than NDVI.  

Climate  

We constructed data on monthly temperature and rainfall in the each grid cell between 1970 and 

2017 based on Matsuura and Willmott (2018b, 2018a). Because our objective is to characterize 

climatic conditions, not short-term weather, we used this data to estimate the average annual 

temperature and rainfall for the period 1970 – 2017.  

Most of the data we used to characterize ecological and biophysical features and climate are 

modeled data. As a result, data is in general smooth across cells, and does not change drastically 

between adjacent cells. Because of this reason, we did not construct any of these variables for the 

buffers mentioned above; rather, we used values specific for each grid cell.  
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Forest degradation 

Forest degradation follows the definition of the Food and Agriculture Organization of the United 

Nations (FAO), considered as the reduction of the capacity of a forest to provide goods and 

services (FAO, 2012). Here we describe only the data used in the final models. The concepts and 

metrics regarding forest degradation are discussed in detail in Section 460.  

Forest degradation can be approached through changes on productivity, biomass or biodiversity, 

as well as the drivers of degradation, including human pressures (IPBES, 2018; DeFries, Osuri 

and Malhi, 2020). For the prediction of values globally, we consider only variables related to 

changes on productivity, biomass, or biodiversity. Variables measuring human pressure, such as 

human density and road and urban density, are in general already included in the database in the 

form of socioeconomic variables. Their role and interpretation is mixed with other factors that 

can involve countervailing effects. For example, population density can be both a driver of forest 

degradation and demand for ecosystem services.  

NDVI can be interpreted as an indicator of vegetation health, because degradation of ecosystem 

vegetation, or a decrease in green, would be reflected in a decrease in NDVI (Meneses-Tovar, 

2011). We use the NDVI trend 1982 – 2018 as a proxy of the biomass and structure change. We 

used the Theil-Sen median trend estimator, commonly applied to measuring NDVI trends 

because of its robustness relative to outliers and accuracy for skewed and heteroscedastic data 

(Liu et al., 2015), to estimate the trend per cell. See section 6.1.1.1 below for details.  

We computed forest cover change per cell between 1992 and 2018 using the ESA (2017a) land 

cover dataset as a proxy of forest extension. Loss of forest can be considered the main driver of 

degradation. We computed the total change during a period of 17 years because despite the 

annual changes can be small, degradation can be significant if forest area loss is continuously 

taking place. As in the case of the NDVI trend, this measure must be taken with caution, because 

the baseline year can be a point in time where the ecosystem is already degraded. In other words, 

an area not showing forest cover change might be a consequence of remaining in pristine or 

degraded state of the baseline year. 

Finally, we used the number of threatened species and the percentage of species that are 

threatened as a proxy of impoverished species composition. We measured them by grid-cell 

across all comprehensively assessed taxonomic groups, including mammals, birds, amphibians, 

and reptiles. We also examined mammals and birds separately for their potentially distinct 

impact on some ecosystem services, such as recreation and non-wood forest products. We 

computed the total number of species per taxonomic group at the centroid of each grid-cell using 

data from BirdLife International and IUCN (BirdLife International and Handbook of the Birds of 

the World, 2019; IUCN, 2019). 

Because the aim of the study is to produce annual estimates of the value of forest ecosystem 

services between 1995 and 2018, we sought to include data on the potential determinants of the 

value of ecosystem services that are observed annually during this period. For the variables that 
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only have one snapshot (roads density, species richness and protection, forest biome, and 

wetlands area), we treat them as time invariant. In general, these variables change slowly, so the 

assumption is not critically limiting. 

In total, we processed 27 GIS datasets, of which 13 were used in the modeling. The others were 

discarded for various reasons described in this report and its appendices. Appendix 6: GIS data 

processing and variables construction describes the data sources processed, and the processing 

details. 

 

4.2 Linking the world grid to the study site locations 

Each value estimate was linked to a grid cell in the world grid using its latitude and longitude so 

that other data from the grid cell could be linked to each study (Figure 6). There are some 

variables that were processed specifically based on the GIS location of the value estimate, 

instead of the centroid of the grid-cell to which it belongs. These variables include the variable 

‘distance to the nearest urban area’. While differences are small, the approaches have important 

conceptual differences. Details of data processing are described in Appendix 6: GIS data 

processing and variables construction 

In addition, some studies were conducted in years for which spatial data is not available. This is 

in general the case to urban density and distance to closest urban areas for years previous to 

1992, and population density that are available in five-year intervals starting 2000. For studies 

previous to 2000, and in 2001-2004, 2006-2009, 2011-2014, and 2016-2020, we extrapolated 

(intrapolated) the value of these variables by computing the annual average change between 

periods. Appendix 6: GIS data processing and variables construction describes the imputation 

process for each variable. We used a similar approach regarding country forest cover from FAO, 

gathered by the World Bank (2020).  

 

4.3 Descriptive analysis 

4.3.1 Descriptive statistics estimation dataset 

Table 3 lists the summary statistics in the estimation dataset. It shows that the value estimates in 

the dataset range between $0.007 and $29,251 (USD PPP 2013 per hectare per year) and are, on 

average, $1,167.6 per hectare per year. The values show wide variation across ecosystem 

services. Recreation and habitat and species protection services show a value of around $1,500 

per hectare per year, representing 42 percent and 28 percent of the total number of value 

estimates, respectively. Non-wood forest products average value per hectare per year is $117, 

representing 18 percent of the value estimates. Finally, water services average value per hectare 

per year is $536, representing 12 percent of the total number of value estimates. In all cases, the 

median value is significantly lower than the mean value, indicating the presence of outliers in the 

right-hand tail of the distribution.  
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Socioeconomic characteristics 

GNI per capita ranges widely in the estimation dataset, with the minimum at less than $840 

(Malawi) and the maximum at almost $80,000 (Brunei). About 66 percent of the value estimates 

come from high income countries, 29 percent come from middle-income countries, and the rest 

(6 percent) are from low-income countries. The distribution of value estimates by continent is as 

follows: Africa 8 percent; America 29 percent; Asia 14 percent; Europe 44 percent; and Oceania 

5 percent.  

Population density at the study sites ranges from zero to 14,246, which indicates the inclusion of 

a highly urbanized area. The maximum values measured for population density and urban area 

decreases with the increased distance of the buffer. The summary statistics of distance to urban 

centers and road density within the study area show wide variation in the estimation dataset. 

Around 89 percent of the study sites are located in a grid-cell with at least some protected areas. 

The total area of the protected areas intersect with the grid-cells of the value sites is on average 

22,188 ha, reaching a maximum of 186,919 ha.   

 

Table 2: Descriptive statistics of the estimation dataset 

Variable Mean Std. Dev. 
Distribution 

Min Median Max 

S
tu

d
y

 

Value (USD PPP 

2013 / hectare) 

Total 1,167.61 3,602.28 0.007 95.430 29,251.02 

Recreation 1,551.12 4398.94 0.22 140.47 29251.02 

Habitat/species 

protection 
1,540.42 3,972.50 0.01 

222.44 
28,018.01 

Non-wood forest 

products 
117.34 314.21 0.01 

5.91 
1753.16 

Water services 536.08 1,151.35 0.01 57.11 5,454.01 

Ecosystem service 

Recreation (0/1) 0.42 0.49 0 0 1 

Habitat/species 

protection (0/1) 
0.28 0.45 0 0 1 

Non-wood forest 

products (0/1) 
0.18 0.39 0 0 1 

Water services (0/1) 0.12 0.32 0 0 1 

S
o
ci

o
ec

o
n

o
m

ic
 

GNI per capita (USD PPP 2013) 27,467.83 16,798.04 840.0 30584.27 79,211.47 

Continent 

Africa (0/1) 0.08 0.27 0 0 1 

America (0/1) 0.29 0.45 0 0 1 

Asia (0/1) 0.14 0.35 0 0 1 

Europe (0/1) 0.44 0.50 0 0 1 

Oceania (0/1) 0.05 0.22 0 0 1 

Income level 

High (0/1) 0.66 0.47 0 1 1 

Middle (0/1) 0.29 0.45 0 0 1 

Low (0/1) 0.06 0.23 0 0 1 

Population density 

(people/km2) 

Cell 174.1 916.9 0 14.6 14,246.5 

75km buffer 118.5 205.9 0.03 51.4 2,734.8 
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Variable Mean Std. Dev. 
Distribution 

Min Median Max 

400km buffer 94.29 91.58 0.42 69.50 506.42 

Roads density (km 

roads/km2) 

Cell (fraction) 0.30 0.23 0 0.41 0.69 

75km buffer (fraction) 0.31 0.13 0 0.33 0.55 

400km buffer (fraction) 0.30 0.12 0.01 0.34 0.50 

% urban area 

Cell (fraction) 0.02 0.05 0 0 0.32 

75km buffer (fraction) 0.02 0.03 0 0 0.15 

400km buffer (fraction) 0.01 0.02 0.00002 0.00 0.07 

Distance to nearest urban area (km) 19.4 25.4 0 10.0 206.1 

IUCN protection 

category (0/1) 

I 0.22 0.41 0 0 1 

II 0.26 0.44 0 0 1 

III 0.02 0.15 0 0 1 

IV 0.18 0.38 0 0 1 

V 0.04 0.21 0 0 1 

VI 0.02 0.15 0 0 1 

Not Reported 0.14 0.34 0 0 1 

No protected 0.11 0.32 0 0 1 

PA % (cell) 0.74 0.37 0 1 1 

PA area (km2) 22,188.6 44,330.9 0 1537.3 186,919.4 

B
io

p
h

y
si

ca
l 

a
n

d
 e

co
lo

g
ic

a
l 

Species richness 352 213 36 250.46 988 

Nº mammal species 69.8 45.9 3 54 199 

Nº bird species 234.50 127.16 30 177 601 

Forest per capita per country (ha/people) 0.02 0.03 0.0002 0.0100 0.12 

Biome 

Boreal (0/1) 0.16 0.37 0 0 1 

Temperate (0/1) 0.51 0.50 0 1 1 

Tropical (0/1) 0.33 0.47 0 0 1 

Forest area (fraction) 0.56 0.35 0 0.63 1 

Forest density country 0.38 0.19 0.06 0.34 0.74 

Wetland (fraction) 0.02 0.12 0.00 0.00 1.00 

Latitude (absolute value) 35.52 19.25 0.51 40.05 67.40 

Study site area (km2)* 139,279 689,783 0.01 1,260 5,500,000 

NDVI  0.27 0.09 0.03 0.27 0.52 

NPP (gC/m2/day) 3.31 1.36 0.22 3.35 6.10 

C
li

m
a

te
 Temperature (ºC) 13.36 8.40 -3.19 11.52 27.38 

Rainfall (annual mm) 1,353.5 915.7 166.9 1,107.0 4,763.7 

D
eg

ra
d

a
ti

o
n

 

NDVI trend 1982 - 2018 0.0005 0.0012 -0.0028 0.0005 0.0036 

Forest change 1998 - 2018 (fraction) 0.0059 0.08 -0.68 0.00 0.46 

Nº species threatened 15.08 13.15 2.00 10.00 58.00 

Nº mammals threatened 4.78 6.68 0 2 30 

Nº birds threatened 8.32 5.17 1 7 28.00 

Species threatened (fraction of all species) 0.04 0.03 0.01 0.03 0.23 

Mammals threatened (fraction of all 

mammals) 
0.06 0.09 0.00 0.04 0.75 
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Variable Mean Std. Dev. 
Distribution 

Min Median Max 

Birds threatened (fraction of all birds) 0.04 0.02 0.0073 0.04 0.15 

The total number of observations for all the variables is 270. This includes 113 studies for recreation, 76 for habitat and species protection, 49 

for NWFPs and 32 for water services. 
*Study site area has 266 observation. This variable is only used as a determinant of habitat and species protection values. The variable has 

values for all the value estimates for this service. 

 

Ecological and biophysical characteristics 

About 16 percent of the value estimates address boreal forests, 51 percent temperate forests, and 

33 percent tropical forests. The study areas cells are on average about 56 percent forested and 

include about 2 percent wetlands. However, 93.7 percent of the cells where the value sites are 

located show null wetland coverage. Species richness on the study sites ranges from 36 to 988 

and is, on average, 352.  

Forest degradation 

Forest degradation measures show considerable variation. NDVI trend 1982 – 2018 ranges 

between -0.0028 to 0.0036, indicating that the study sites in the estimation dataset include areas 

where biomass and productivity decreased and increased. Considering a trend significantly 

different from zero if it is larger than one standard deviation by biome (computed in the world-

grid), 46.3 percent of our value estimates are located in cells showing a stable biomass and 

productivity (i.e., trend is not significantly different from zero). An increasing pattern is shown 

in 44.7 percent of the sample, and 11 percent show decreasing biomass and productivity.  

Forest change per grid cell 1992-2018 has a wide range, including a maximum loss of 68 

percentage points and maximum gain of 46 percentage points. On average, the percentage of the 

cell cover by forest increased by 0.59 percent. The median is equal to zero, indicating that the 

change in forest cover per cell is equally distributed between value sites where forest cover 

increased and decreased. 

The number of threatened species varies widely between value estimates, ranging between 2 and 

58. This is true also for the number of threatened mammals and birds separately. The percentage 

of threatened species average is 4 percent, with a maximum of 23 percent of species threatened 

in a value site. The average number of threatened mammals and birds is similar. However, the 

maximum percentage of threatened mammals is 75 percent, significantly higher than the 

maximum of the percentage of threatened species and birds.  

 

4.3.2 Comparing the estimation dataset and the world grid 

We first constructed a 0.1º by 0.1º world grid of terrestrial areas (about 1.9 million terrestrial grid 

cells) ( 
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Figure 6). Then, we used data on land cover from ESA-CCI (ESA, 2017a) between 1992 and 

2018 to determine year by year which grid cells comprised forests. The number of grid cells 

including forest cover varies between years, ranging between 1,209,690 (2007) and 1,214,776 

(1992). These grid cells form the prediction dataset. In other words, the dataset varies between 

years depending on which grid cells have forests in a given year.  

Table A7.9 in Appendix 7: Results additional tables and figures shows the descriptive statistics 

of the determinants used for global predictions for 2018. On average, forested grid cells have a 

population density of 48.66 persons per km2 (using a 75-km buffer). High-income countries 

comprise 32 percent of forested grid cells, middle-income countries represent 61 percent, and the 

remaining 8 percent represent low-income countries. By continent, their distribution is as 

follows: Africa 13 percent, Asia 13 percent, Europe 34 percent, America 36 percent, and Oceania 

2 percent. The frequency of Europe is high because Russia as a whole is considered within the 

European continent.  

We note that not all forests necessarily support all ecosystem services. To address this issue, we 

determine what categories of forests are relevant for the provision of different services 

considered in this assessment. Table 3 summarizes the service area determination by ecosystem 

service. For services that require physical presence in the forest, including recreation and 

collection of non-wood forest products, we designated service areas as forests that are accessible 

to potential users. We specified accessible forests as forests within 10 km or less from roads or 

navigable waterways. We used global data on road networks and rivers to determine the 

accessibility of each grid cell (see Appendix 6).  

Figure 88 maps all global forests and accessible forest using the grid cell data. In addition, 

collection of non-wood forest products also includes the whole area of protected areas under 

IUCN protection category V or VI. These categories allow for the sustainable extraction of 

goods. Sixty-one percent of the grid cells are accessible and hence designated for the provision 

of recreation values, and 63 percent provide non-wood forest products (Table 3). 

 

Table 3: Service area for different ecosystem services 

Service Service area % of total cells 

Recreation Accessible forest 61% 

Habitat/species protection All protected forest 29% 

NWFP’s 
Accessible forest and IUCN category V 

and VI protected forest 
63% 

Water services Accessible forest 61% 

 

Figure 8: Map of all forest and accessible forest (red), globally 
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Map generated using 1,209,994 grid cells (0.1ºx0.1º), from which 534,495 (44.2%, red) are accessible (>50% of the cell area is 

accessible) and have forest area >10%, 380,820 (31.5%, green) are not accessible and have forest area >10% cell, and 294,679 

(24.4%, not colored) have forest area <10%. 

 

Studies valuing habitat and species protection typically examine forests either already protected 

or considered for protection. Therefore, their value estimates are conditional on protection to 

perpetuity, so habitat and species protection are applied only in areas currently protected. This 

approach excludes values from habitat and species protection associated with unprotected 

forests, which can be substantial. As such, the value estimates from this study for habitat and 

species protection should be considered underestimates at the country level. Twenty-nine percent 

of the grid cells support habitat and species protection (Table 3).  

Water services are usually supplied by forests near waterways and beneficiaries. Forests further 

away from population and waterways can also produce valuable ecosystem services, such as 

hydrological control that can help to protect from disasters. However, most of the valuation 

studies represent areas near waterways and populated areas, so for consistency with the 

estimation dataset, we also restrict the water service area to the area of accessible forest (61 

percent of the total forested grid cells). 

An important issue is how much overlap exists between the explanatory variables in the values 

database and the world grid. Figure A7.9 in Appendix 7 shows the density of selected variables 

in the estimation dataset for the different ecosystem services and the world grid using 2013 as a 

reference year. In general, the GNI of the countries included in the estimation datasets overlaps 

the central part of the values in the world grid. The datasets used for prediction recreation and 

habitat/species protection have a larger gap for places with low GNI in the world grid. The 

opposite holds true for non-wood forest products for which low-income countries are covered, 

but there are few studies conducted in very high-income countries. For water services, GNI in 

the estimation dataset reaches lower values than in the prediction dataset for 2013.  
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Population density in the 75km buffer has a high overlap between the estimation and prediction 

dataset for every ecosystem service. However, in general there is lack of coverage for very high 

populated cells in the prediction dataset. Similar case emerges with distance to the closest urban 

area. Finally, for temperature, as a proxy of wide spatial coverage, we find that the estimation 

dataset has limited overlap with cells showing very low temperatures. 

5. Estimation results  

This section explains the results of the empirical analysis. First, we show the estimation results 

of the meta-regression analysis. Second, we show the results of the machine learning models. In 

third place, we discuss the selection of the model for global predictions. Finally, we show the 

results of the global prediction of non-wood forest ecosystem services for the 0.1º by 0.1º world 

grid as well as at the country level. 

5.1.1 Meta-regression analysis  

In the meta-regressions, we estimated several regression models separately for each service 

considered. The predictor variables comprise data on socioeconomic, biophysical and ecological, 

climate, and forest degradation. Appendix 7 shows a broad range of the models estimated per 

ecosystem services and used to define the preferred model specification. 1  

Table 4: Meta-regression estimation results by ecosystem service 

  (1) (2) (3) (4) 

  Recreation Habitat / species NWFPs Water services 

ln GNI per capita PPP 2013 0.98*** 0.76* -0.94*** 2.40*** 

 (0.27) (0.42) (0.20) (0.37) 

ln Population density 75 km 0.67*** 0.48**  -1.13** 

 (0.09) (0.19)  (0.51) 

ln Population density cell   0.55***  

   (0.09)  

ln Distance closest urban area (km)    -1.22** 

    (0.55) 

ln Temperature (K) 39.43*** 7.74  70.73*** 

 (10.30) (13.12)  (23.02) 

ln Precipitation (mm) 0.51 -0.89*  -0.21 

 (0.31) (0.50)  (1.21) 

ln Study site area (km2)  -0.15*   

  (0.08)   
% Forest country (fraction of country)   2.87*  

   (1.58)  

% Forest (fraction of cell)    -2.70** 

    (1.22) 

 
1 We also tested two potential functional forms: log-log and log-level. In this report we show only the results for the 
log-log functional form, because they behave better and produced global predictions within reasonable boundaries. 
Results for log-level specification are available upon request. 
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ln PA size (km2)   -0.13**  

   (0.06)  

Forest change 1992 - 2018 (p.p) 3.90    

 (2.53)    
% species threatened -13.90***  -25.11**  

 (4.72)  (11.83)  

Constant -233.50*** -40.74 10.77*** -410.37*** 

 (59.22) (74.94) (2.02) (125.25) 

          

Observations included in the estimation 108 73 46 27 

Influential observations removed prior to 

estimation  5 3 5 5 

R-squared 0.57 0.23 0.70 0.74 

AIC 419 317.4 157.36 111.14 

BIC 437.8 331.1 168.3 120.2 

RSME 1.72 2.20 1.43 1.93 

Prediction average study site ($/ha./year) 124.83 171.03 16.06 47.42 

Robust standard errors in parentheses      

*** p<0.01, ** p<0.05, * p<0.1      

 

For each service, we conducted preliminary analyses to guide model selection and evaluate the 

estimation dataset. For example, we examined (using Cook distance) whether a few observations 

in the estimation dataset may be so influential that their inclusion/exclusions considerably alter 

the estimation results. To ensure robust estimation results, we removed observations that 

disproportionately affect the estimation results. Error! Reference source not found. shows 

results of the preferred model specification by service after removing influential observations. 

Table 4 also lists the number of influential observations, by ecosystem service, removed prior to 

the main estimations.  

 

Recreation services 

The estimation results show that recreation values are determined both by socioeconomic, 

biophysical, and climate factors, as well as forest degradation (Model 1 in Error! Reference 

source not found.). The socioeconomic determinants, both GNI per capita and population 

density in the 75km round buffer are positively and statistically significantly associated with 

recreation values. The coefficients are about 0.98 and 0.67 for GNI per capita and population 

density in the 75km buffer, respectively. Because both variables are log-transformed, the 

coefficient estimates directly denote the elasticity of the value of recreation services with respect 

to these variables.  

Accordingly, the value of recreation services per hectare of forest increases by roughly 9.8 

percent per every 10 percent increase GNI per capita, keeping everything else constant. The 

coefficient is almost equal to one, indicating a proportional increase of recreational values as 

income increases. 
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The value of recreational ecosystem services is positively and statistically significantly 

associated to average temperature. Average temperature is a plausible determinant of recreational 

values. For example, Ghermandi and Nunes (2013) find that coastal recreational values are 

systematically related to temperature. In addition, climate variables control not only for climate 

but also geographical location and other unobservable variables that are correlated with latitude, 

such as biodiversity, NDVI, or other determinants. We keep both, temperature and rainfall, as 

controls in our models, although rainfall is not significant.  

Forest change 1992-2018 and the percentage of threatened species are significant determinants of 

the value of recreation. The variable Forest change 1992-2018 has a positive coefficient equal to 

3.9 and can be interpreted as a semi-elasticity. The coefficient for this variable in Model 1 (Table 

4) is statistically significant at 87 percent level (the p-value is 0.127). The variable is highly 

significant when not including the percentage of threatened birds (see Table A7.2 in Appendix 7: 

Results additional tables and figures). The out-of-sample prediction of the base model improves 

when including this variable. Because of the above, we keep this variable in the preferred model. 

The result indicates that if forest cover increases by 1 percentage point between 1992 and 2018, 

the recreation values, on average per hectare, increases around 3.9 percent. That is, places where 

forest recovers show an increasing value from recreation.  

There are several variables regarding threatened species that are statistically significant during 

the model specification process (Table A7.2 in Appendix 7: Results additional tables and 

figures). We select the percentage of threatened species in our preferred model based on out-of-

sample performance (Model 1 Error! Reference source not found.). The coefficient is 

negative, equal to -13.9, and can be interpreted as a semi-elasticity. If the percentage of 

threatened species increases one percentage point, the value of recreational services, on average 

per hectare, decreases 13.9 percent.  

The constant of the model is statistically significant and equal to -233.5. Despite its high 

magnitude, we note that giving the interpretation for the constant as the predicted value of 

recreation on a site where all the rest of the predictors are set to zero is empirically meaningless, 

as no such sites exist anywhere in the world in reality. The last row in Error! Reference source 

not found. show that the predicted value for a value site showing the average features in the 

sample used for recreational values equals $ 124 per hectare per year (constant 2013 

international dollars). This value is slightly higher than the median value in the sample. 

Habitat and species protection 

The preferred predictive model estimates positive and statistically significant relationships 

between the value of habitat and species protection and population density and GNI per capita 

(Model 2, Error! Reference source not found.). The estimate indicates that the elasticity of 

habitat and species protection value relative to income is about 0.76. In other words, the value 

per hectare increases by about 8 percent as GNI increases by 10 percent. The results also show a 
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positive and statistically significant relationship between habitat and species protection values 

and population density. This relationship can be interpreted both as an increase of the value when 

local demand for the benefits from protection increase, or as an increase of the value in places 

that are exposed to higher human pressures.  

In addition, the significance of the variable measuring the size of the study area indicates a 

decreasing marginal values per hectare when the area protected (or to be protected) increases. 

These results is consistent with economic theory but regularly not considered. The coefficient is 

equal to -0.15, and can be interpreted as an elasticity, i.e., the value for habitat protection, on a 

per hectare basis, increases 1.5 percent when the area to be protected decreases 10 percent. 

Precipitation is the only one of the climate variables that is statistically significant. Regardless, 

for consistency with other models, we kept both precipitation and temperature in the model as 

predictors.  

The constant of the model is not significant, equal to -40.74. As noted above, the constant might 

be interpreted as the mean value in a site showing a null value for all the other determinants in 

the model, although this combination of variables is not plausible anywhere in the world. The 

predicted value for a value site showing the average features in the sample used for habitat and 

species protection values equals $171 per hectare per year (constant 2013 international dollars). 

This value is slightly lower than the median value in the sample.  

Non-wood forest products 

The estimation results for non-wood forest products highlight the importance of the 

socioeconomic determinants of ecosystem service values, although with interesting and plausible 

differences relative to recreation and habitat and species protection (Model 3, Error! Reference 

source not found.). The results indicate a negative and statistically significant relationship 

between GNI per capita and the value of non-wood forest products. This suggests that at 

relatively low values of GNI per capita, natural resources such as forests constitute important 

sources of income and food. But when GNI increases, assuming all other determinants of value 

remain the same, the importance of forests for non-wood forest products is reduced. The 

estimated coefficient (-0.92) confirms this logic and suggests that the value of non-wood forest 

products, on average per hectare, declines by about 9 percent per every 10 percent increase in 

GNI per capita. 

Population density is relevant when considered at a local scale (grid cell), yielding a positive and 

statistically significant coefficient estimated at 0.55. It indicates that the value of non-wood 

forest products, on average per hectare, increases by about 5 percent for every 10 percent 

increase in population density surrounding the value site. This is plausible as non-wood forest 

products require manual collection of the products so areas with low population density simply 

lack the populations to engage in the collection of non-wood forest products.  
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There are two biophysical variables that are statistically significant determinants of the value of 

non-wood forest products. The percentage of forest cover per country is statistically significant 

and the coefficient equals 2.87. The coefficient can be interpreted as a semi-elasticity, i.e. the 

value of non-wood forest products, on average per hectare, increases 2.87% when the percentage 

of forest cover in the country increases one percentage point.  

Second, the value of non-wood forest products is inversely correlated with the size of the 

protected area associated with the value site. The coefficient equals -0.16, indicating that the 

value of non-wood forest products, on average per hectare, decreases 1.6 percent when the 

protected area size increases 1 percent. This can be interpreted as decreasing returns. The larger 

the protected area where the collection of non-wood forest products takes place, the lower their 

collected value on a per hectare basis.  

When including variables to measure forest degradation, we found several of them to be 

statistically significant and inversely related with the value of non-wood forest products (Table 

A7.6 in Appendix 7: Results additional tables and figures). Our preferred model includes the 

ratio of species threatened, with a negative and significant coefficient equal to -25.11. This can 

be interpreted as a semi-elasticity, i.e. the value of non-wood forest products decreases around 25 

percent when the share of threatened species of all species increases by one percentage point.  

The constant of the model is significant and equal to 10.77. As discussed above, while 

conceptually one might interpret the constant as the predicted value on a site for which all the 

other determinants are null, in practice no forest exists where that combination of variables is 

even remotely plausible. The predicted value for a value site showing the average features in the 

sample used for the value of non-wood forest products values equals $16 per hectare per year 

(constant 2013 international dollars). This value is more than double the median value in the 

sample and is almost ten times smaller than the mean value. The above show that despite the 

value of the constant can be high, it turns to predict very reasonable values when used together 

with the explanatory variables set within a reasonable range of values. 

Water services 

The preferred model shows a statistically significant role for GNI, population density, and 

climate as determinants of water services value (Model 4, Error! Reference source not found.). 

In addition, two more variables are statistically significant in the model with the best out-of-

sample prediction power: the distance to the closest urban area and forest extent in the value site. 

Both variables highlight the importance of forest extent and proximity to users for the provision 

of water services. 

The estimated elasticity of the value of water services with respect to GNI is positive and a large 

at the coefficient estimate around 2.4. This means that if the income increases 10 percent, value 

for water services will increase around 24 percent. We note that around 65 percent of the studies 

in the estimation dataset are cost-based in that they examine avoided costs or changes in water 

purification costs using a production function approach. The estimation result may therefore also 
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indicate that as income increases, willingness to invest to prevent the loss of forest hydrological 

services increases at a high rate.  

Population density yields a negative coefficient estimate. It indicates that the value of water 

services, on average per hectare, decreases around 11 percent when population density increases 

10 percent. The value of water services also decreases with the distance from the forest to the 

closest urban area. The coefficient indicates that the value of water services, on average per 

hectare, decreases around 17 percent if the distance of the value site to the closest urban area 

increases 10 percent. Finally, the percentage of forest cover in a grid cell produces a negative and 

significant coefficient equal to -2.7. This is an indicator of the role of forest scarcity, indicating 

that the marginal value of forest, on a per hectare basis, for water services declines when more 

forests are available and increases as forest cover becomes scarcer. The result can be interpreted 

as a semi-elasticity, indicating that value of forest water services, on average per hectare, 

decreases 2.7% when forest cover in a grid cell increases by one percentage point. 

The constant of the model is significant, equal to -410.37. The predicted value for a value site 

showing the average features in the sample used for water services values equals $ 47 per hectare 

per year (constant 2013 international dollars). This value is slightly lower than the median value 

in the estimation dataset.  

5.1.2 Machine learning models 

As already discussed, we developed two classes of machine learning algorithms: random forest 

models (RF) and Automated Machine Learning models (AML). We used the AML models as a 

benchmark of the out-of-sample prediction performance of the other models, but we do not use 

them as our main estimation model because their results are hard to interpret and understand (the 

approach works completely as a black-box model). The ML models specification includes all the 

variables in Table 2 relevant for the analysis.2 All the ML models were weighted by study the 

same way they were weighted in the regression models, except for some AML algorithms that do 

not allow for the inclusion of weights. In addition, all the ML models were run with the sub-set 

of observations after removing influential observations in regression analysis.  

Figure 9 shows the relative importance for the predictors in the RF model for each ecosystem 

service. Panel a shows that urban density and population density in the 75 km round buffer are 

the most important variables to predict the value of recreation service. There is no other variable 

with a relative importance higher than 0.5. Variables with relative importance between 0.33 and 

0.17 include population density in the cell and 400 km buffer, distance to closest urban area, 

 
2 The variables included in the ML base models are : GNI per capita , Population density (cell, 75km and 400 km), 
Roads density (cell, 75 km and 400 km), Urban density (cell, 75 km and 400 km), Distance to closest urban area, 
Species richness, Nº mammal species, Nº bird species, Latitude (absolute value), % Protected area in cell, Size of the 
protected area intersected with a cell, IUCN protected area category, % Forest in the cell, % Forest in the country, 
Forest per capita in the country, Temperature (annual average 1970 – 2018), Rainfall (annual average 1970 – 2018), 
NDVI trend 1982 – 2018, Forest change 1998 - 2018 (% cell), Nº species threatened, Nº mammals threatened, Nº 
birds threatened, % species threatened, % mammals threatened, % birds threatened. 
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temperature, and GNI per capita. All these variables signal the importance of the demand for 

recreational, and results are consistent with the findings from regression models.  

Panel b in Figure 9 shows the most important predictors for the value of habitat and species 

protection services. Urban density in the 400 km and 75 km buffers, and the size of the study 

area are the top three most important variables. The size of the study area suggests a decreasing 

value of the service when the scale increases, consistent with the results in regression analysis. 

There are no other variables with relative importance higher than 0.5. Other variables that also 

yield relevant contributions include population density within the 75 km buffer, the percentage of 

forest in the country, and GNI per capita, each with relative importance higher than 0.3. The 

IUCN protected area category also emerges as important with a relative importance equal to 

0.28. Forest degradation, as measured by the NDVI trend, has relative importance equal to 0.27. 

The most important predictors of the value of non-wood forest products are shown in panel c in 

Figure 9. The country GNI per capita and the size of the protected areas in the study site’s grid 

cell are the most important variables, with relative importance higher than 0.5. The population 

density in the grid cell and the IUCN protected area category rank third and fourth in relative 

importance, respectively, and both have relative importance more than 0.3.  

 

 

 

 

 

 

Figure 9: Predictor relative importance per service using RF models  
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Panel d in Figure 9 shows the results for water services. The most important determinants of the 

value of water services are the percentage of forest cover in the cell and the GNI per capita in the 

country, consistent with the results of the regression models. The number of threatened species, 

birds, and mammals rank third, fourth, and sixth, with relative importance equal to 44 percent, 27 

percent, and 14 percent, respectively. The percentage of species and mammals threatened rank 

fifth and seventh, respectively. The identification of variables related to threatened species may 

suggest particular importance of forest degradation for water services. Moreover, these variables 

were not identified when in the regression analysis, which may suggest a non-linear relationship.  

Two main conclusions follow. First, the predictors of the value of forest ecosystem services 

recovered in the assessment are by and large consistent between the ML and the regression 

models. This suggests that the regression models are helpful with the interpretation of the 

relationships discovered. However, differences emerge between the results from different 

models. For example, the measures of degradation identified as important predictors in the 

regression models for recreation do not appear important in the ML. Second, measures of forest 

degradation are important in ML for habitat and species protection and water services but are not 

found in the regression analyses. This may suggest a non-linear relationship between these 

variables and the value of ecosystem services. 

 

5.1.3 Model selection for global predictions 

Table 5 contains results from the out-of-sample predictive test, where we compare the 

performance of our preferred parametric prediction per service and three alternative ML model 

specification. Our preferred regression models are based in Error! Reference source not 

found..  

Automated ML the model with lowest root mean square error (RMSE) for recreation, habitat and 

species protection, and water services. The regression model shows the lowest RMSE for non-

wood forest products. Random forest ML always shows the highest RMSE for every service. 

However, the differences between random forest, automated ML, and the regression models are 

generally almost negligible. 

 

Table 5: Comparison of Regression and ML models using the out-of-sample Root Mean 

Square Error (RMSE) leaving-one-study-out 

Model Recreation 
Habitat and species 

protection 
NWFP Water services 

Regression   1.72 2.20 1.43 1.93 

Random Forest (RF) 1.76 2.35 1.98 2.36 

Automated ML (AML) 1.63 1.95 1.80 1.89 

 



 

45 

 

The differences between the regression models and the random forest models are their greatest 

when sample sizes are relatively small (non-wood forest products and water services). Machine 

learning algorithms, by their nature, aggregate observations in clusters, and the predicted value 

for observations in a cluster equals their average value within that cluster. When the sample size 

is small, machine learning might group variables that are not close in values, increasing the error 

for the observations farthest from the average value of the cluster. This error is smoothed in 

regression models, where the error of each observation is measured as the distance to its own 

prediction, and not the average of several observations. Another potential explanation would be 

that random forest models may be overfitting. 

Differences in the RMSE across the models in Table 5 are not sufficiently pronounced to support 

uniquely choosing one model over others for global predictions. In general, random forest 

models have appeal over automated ML, because they allow evaluating variables that are 

important for predictions and consider their intuition. While automated ML works well as a 

benchmark to compare the performance of RF and regression models, we prefer not to use 

automated ML for global predictions because they could be driven by random behavior of the 

data that we cannot explore. 

To help to select a model for global predictions we compared global predictions from different 

models. Appendix 8: Global predictions by model shows the distribution of global predictions 

for each of the three main models per ecosystem services. Figure Figure A8.1 in Appendix 8: 

Global predictions by model graphs the kernel distribution of the regression and random forest 

models by ecosystem service in 2013, as an illustrative year. In addition, Appendix 8: Global 

predictions by model8 compares the country level prediction from the random forest and 

regression models, and also contrasts the country level predictions relative to the country level 

total wealth reported in Changing the Wealth of Nations report (Lange, Wodon and Carey 2018). 

Examining global predictions at the grid cell and country level leaves us to select random forest 

model as preferred models. Two observations led to this selection. First, difference in the out-of-

sample prediction criteria for the different models is negligible. Second, although regression 

analyses show a smoother distribution of the predictions and allow the prediction of values out of 

the range of values in the estimation dataset, they also show very high outliers in the right tail of 

the distribution. This is true even after truncating the predictions and the predictors in the 

regression analysis.3 Because of the way the random forest predictions are constructed, it directly 

controls for outliers in global predictions.  

 

3 We estimate two additional set of predictions using regression analysis. First, we truncated the predictors in the 

prediction dataset to help better match the estimates developed using the meta-regression dataset with the rest of the 

world’s forests. Second, after truncating the predictors, the prediction in a cell showing a predicted value higher than 

the 99 percentile of the estimation dataset, the prediction was truncated to that value.  
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5.2 Global predictions 

Several maps next illustrate value predictions. Note that the rest of results are computed for 2018 

in nominal dollars (2018 U.S. dollars). Also, that the maps are colored according to variation for 

values within the service illustrated in the map, not according to variation across different 

services. This serves well for geographically contrasting value predictions for each service but is 

less telling of differences between values for different service, as the same color in one map 

indicates a different value in another map.4 

Panel a in Figure 10 shows the predicted values for recreation. Recall from the random forest 

model using the most important variables. The recreational values are mostly associated with 

population density at different scales, distance to the closest urban area, and GNI per capita. 

Therefore, forests in areas of high income and populations, such as Eastern and West Coast 

United States, Central Europe and the south of the Northern European countries, Japan, and 

Eastern China, are valued highly for recreation. Moreover, recreation values are active only in 

accessible forests. This results in relatively low values in much of the boreal forests, especially in 

Russia and Canada, where inaccessible forests are prevalent. Tropical rain forests also get low 

values because of inaccessibility, especially in the Amazon. 

The value of habitat and species protection, shown in Panel b in Figure 10, are driven by urban 

density at different scales, the size of the protected area, the percentage of threatened species, 

and population density. This service is projected only for protected forests. High values for 

habitat and species protection concentrate in Europe, Japan, South Korea, and parts of North 

America and Australia. 

The value of non-wood forest products is predicted only for forests that are accessible or are 

under IUCN protected area categories V or VI that allow for sustainable extraction of goods 

(Panel c in Figure 10). Their values tend to be high in areas of high population density, 

somewhat similar to high values for recreation but also extending to regions of somewhat lower 

GNI, such as Central Africa and Central America. 

Finally, water services (Panel d in Figure 10) are available from all global forests and explained 

mainly by the percentage of forest in the area, GNI per capita, the protection category of the 

forest, and the species threatened. High values are concentrated in North America, Central and 

Northern Europe, Australia, the East of South America and the East of Asia.  

 

 
4 Using same colors to indicate same dollar values in each map is not practical, because the maps would show little, 
if any, variation in values for some services, such as NWFPs (their geographic variation is more modest than the 
overall variation of values across different services). 
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Figure 10: Predicted values 2018 per ecosystem service by grid cell, per hectare in current US dollars 
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Figure 11: Predicted value of all forest ecosystem services, per hectare in 2018 (2018 U.S. 

dollars) 

 
Note: The services considered include recreation, habitat and species protection, NWFPs, and water services.  

 

Figure 11 maps the combined value of forest ecosystem services on average per hectare in 2018. 

The value is mapped globally in 0.1º km by 0.1º resolution for forested grid cells globally. 

Several interesting trends emerge. First, there is considerable variation in the values by biome. 

Industrialized countries, including North America, Europe, Japan, and Australia, feature 

particularly high value estimates. On the other hand, several developed countries also have 

relatively high values, including parts of Brazil, parts of Mesoamerica, and several areas in Asia, 

such as the densely populate areas in Indonesia and China. Africa, in general, has relatively low 

predicted values, but some spots in Southern and Western Africa, such as Cote d`Ivoire, Ghana, 

and Nigeria, are relatively high in the predicted value of non-wood forest ecosystem services. 

The hot spots of the value of forest ecosystem service are regularly related to the value of habitat 

and species protection and non-wood forest products. 

 

Country level predictions 

The World Bank’s wealth assessment measures country-level wealth, so the next set of results 

aggregates grid cell predictions by country. To control for the fact that not all grid cells are 100 

percent forested, we weighted the predicted value of ecosystem service, per hectare in the grid 

cell, by the forest cover in the grid cell over the total forest area in the country. For the country 

level estimates, we combined the value of recreation, habitat and protection, non-wood forest 

products, and water services (Figure 12). This is different criteria than the one used in the 

previous report, which excludes habitat and species protection. Figure 13 presents the country-

level estimates by ecosystem service. 
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Table A10.1 in Appendix 9: Regional and country-level average predictions per hectare 2018 

and total wealth lists the predicted value for recreation, habitat and species protection, non-wood 

forest products, and water services, on average per hectare, by country, continent, World Bank 

Region, and World level estimates for 2018. This information supports the World Bank 

assessment of forest wealth. The total value of non-wood forest ecosystem services in the 

country (country-level forest rents in non-wood ecosystem services) are shown in Table A10.1 in 

Appendix 9: Regional and country-level average predictions per hectare 2018 and total wealth. 

Total value per country is computed by multiplying the combined value of recreation, habitat and 

species, non-wood forest products, and water services, on average per hectare, by the total forest 

area per country, as measured using official international forest statistics from the FAO, 

extracted from the World Bank World Development Indicators (The World Bank, 2020). The use 

of FAO data also helps maintain consistency with the rest of the World Bank forest wealth 

assessment and facilitates future updating of the country-level estimates of wealth. 

 

Figure 12: Country-level predictions of combined value of recreation, NWFPs, and water 

services 2018, per hectare (current USD) 

 
 

 

Annual predictions by country 

We produced annual values per cell and country for 1995 to 2018 (23 years). The estimates are 

listed in an auxiliary spreadsheet file attached to the report. 
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Figure 13: Predicted values 2018 per ecosystem service by country, average value per hectare in current US dollars 
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5.3 Results comparison with previous report 

Table 6 summarizes the value predictions from this assessment and contrast them with estimates 

obtained in the previous assessment by Siikamäki et al. (2015). The table allows to compare 

average value per hectare as well as total wealth in 2013 (current dollars). In this section, we 

show annual total value as the addition of values for recreation, non-wood forest products, and 

water services 2013, for consistency with previous report.  

 

Table 6: Estimate value of Non-wood forest ecosystem services by World Bank region, and 

comparison with previous report 

  Study 2020 Study 2015 

  

Annual value ha-1 

(rec. + NWFPs + 

water services) 

Total forest 

wealth ha-1 

(NPV) 

Total 

forest 

wealth 

(NPV) 

Annual value 

ha-1 (rec. + 

NWFPs + 

water services) 

Total 

forest 

wealth 

(NPV) 

East Asia & Pacific 161 2615.41 1.67E+12 148 1.54E+12 

Europe & Central Asia 78 1268.22 1.32E+12 47 7.96E+11 

Latin America & 

Caribbean 92 1486.76 1.39E+12 103 1.56E+12 

Middle East & North 

Africa 227 3694.20 8.56E+10 42 1.58E+10 

North America 327 5316.12 3.49E+12 128 1.37E+12 

South Asia 154 2509.69 2.09E+11 29 3.92E+10 

Sub-Saharan Africa 77 1254.61 7.78E+11 13 1.31E+11 

            

World 136.99 2225.66 8.92E+12 84 5.47E+12 
Note: NPV is computed using total forest cover from FAO, extracted from The World Bank World Development Indicators (The World 

Bank, 2017). NPV was computed in a 25 years’ time horizon using a discount rate equal to 4%, for consistency with the CWON report 
(Lange, Wodon and Carey, 2018) 

The new predictions are higher than those in the previous report. The total value of non-wood 

forest ecosystem services worldwide is 1.6 times larger than in Siikamäki et al. (2015). The 

differences between the predictions are explained by multiple reasons. Perhaps most relevantly, 

we expanded the dataset of primary estimates from the current scientific literature by including 

studies that were published in 2015-2019 and not available for the previous study. Moreover, the 

current study uses different data source for global forest cover. In addition, we used machine 

learning techniques, while the report by Siikamäki et al. (2015) used meta-regression analysis. 

As explained before, meta-regression analysis allows to impute value predictions out of the range 

of the values in the estimation dataset, while predictions by machine learning technique are 

bounded between the values of the estimation dataset. As a consequence, many of the cells in the 

grid by Siikamäki et al. (2015) might had been imputed a lower value than in the current report 

because of the statistical method.  
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6. Contribution of forest degradation to the value of non-wood forest 
products 

 

In this section, we discuss the conceptual framework and metrics to consider the role of forest 

degradation on the value of non-wood forest ecosystem services. Second, we develop an 

empirical approach to analyzing the role of forest degradation on the value of non-wood forest 

ecosystem services. In the last section, we estimate the marginal change in the value of non-

wood forest ecosystem services because of a change in forest degradation using different metrics 

and link the results to the global predictions estimated in Section 5. 

As an overview of the approach, we first reviewed the available conceptual frameworks linking 

two main kinds of forest degradation: (i) change in productivity, biomass and biodiversity, and 

(ii) human pressure, like roads development, population density, and non-forest land 

development. Forest degradation is a dynamic concept, so for evaluating degradation in a 

particular location, one needs a reference point in a pristine state to be compared with current 

state. For measures of human pressure, the pristine state can be assumed as the absence of human 

activity. However, defining the baseline for measures of productivity, biomass, and biodiversity 

is challenging, because the current state needs to be compared with a point in the past far enough 

to be considered pristine. In addition, human pressure can be correlated with the decrease in the 

supply of non-wood forest ecosystem services, but also with an increasing demand; for example, 

the demand for recreational use and non-wood forest products extraction is directly related with 

the number of potential users in a particular area. At the end, the net effect is an empirical 

question.  

We focus the discussion below on measures of productivity, biomass and biodiversity change. 

We found that three main variables may be particularly useful: the Normalized Difference 

Vegetation Index (NDVI) trend 1982 – 2018, the forest cover change 1992 – 2018, and the 

percentage of species that are threatened. The results obtained using these data allow us to 

identify the effect of forest degradation on recreation and non-wood forest products. The value 

per hectare per year increase between 0 percent to 8 percent for recreational services, and 

between 0 and 15 percent for non-wood forest products, depending on the actual value of the 

cell. The mean and median change equals 1 percent and the 99th percentile is around 2 percent in 

both cases. The data available did not allow to identify the effect of forest degradation on habitat 

and species conservation and watershed protection services. However, we show below 

experimental results based on machine learning techniques, though they should be taken with 

caution, as machine learning methods for this type of assessment are not yet fully developed in 

the literature (see below). 
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6.1 The role of forest degradation as a determinant of the value of non-wood forest 
ecosystem services 

The Food and Agriculture Organization of the United Nations (FAO) defines “forest 

degradation” as a reduction of the capacity of a forest to provide goods and services (FAO, 

2012). Alternatively, the Intergovernmental Panel on Climate Change (IPCC) Special Report on 

Climate Change and Land (SRCCL) defines forest degradation as land degradation that occurs in 

forest. IPCC SRCCL defines land degradation as a negative trend in land condition, caused by 

direct or indirect human-induced processes, expressed as long-term reduction or loss of at least 

one of the following: biological productivity, ecological integrity or value to humans (Olsson et 

al., 2019). The Intergovernmental Panel on Biodiversity and Ecosystem Services (IPBES) 

defines land degradations as the many processes that drive the decline or loss in biodiversity, 

ecosystem functions or services and includes the degradation of all terrestrial ecosystems 

(IPBES, 2018).  

All the above definitions are generic and have proven difficult to operationalize. The main 

difference between the IPCC and the IPBES definitions is that that human impact (or pressure) is 

not synonymous with degradation from the IPCC perspective. However, the IPCC SRCCL 

acknowledges that information on the human impact and pressure provides a useful mapping of 

potential non-climatic drivers of degradation. 

In practice, studied mapping forest degradation following the IPCC approach have focused on 

productivity, biomass or biodiversity change using expert knowledge, satellite images, 

biophysical modelling or inventories of land use and condition (Simula and Mansur, 2011; 

Olsson et al., 2019). In addition, global mapping of drivers of degradation, including human 

pressures, have used satellite data and global geographical data, such as population density or 

road density, or aggregate indicators of human pressure (IPBES, 2018; DeFries, Osuri and 

Malhi, 2020).  

We follow the definitions of forest degradation proposed by DeFries, Osuri and Malhi (2020), 

departing from the FAO definition. DeFries, Osuri and Malhi (2020) propose a typology of forest 

degradation that includes three major types:  

▪ Loss of biomass and structure — including gradual, difficult-to-detect biomass loss (for 

example, selective logging, pathogen outbreaks, excessive human use) and abrupt, 

temporary biomass loss (for example, rotational logging, excessive fire) 

▪ Impoverishment of species composition — Forests degraded by anthropogenic activity 

often experience biodiversity declines and shifts in species composition. This 

impoverishment, in turn, poses a pervasive threat to floral and faunal diversity that may 

be of a comparable magnitude to that posed by deforestation 

▪ Fragmentation of forests — Fragmentation occurs as forest patches become surrounded 

by an alternative land use or as logging roads and other infrastructure bisect contiguous 
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patches of forest, leaving isolated fragments that differ markedly in biodiversity and 

function from contiguous forest 

 

Table 7: Major types and causes of forest degradation, and possible metrics global 

available  

Type of forest degradation Major causes 

Possible metrics 

Productivity, biomass 

and biodiversity 

Human pressure 

Loss of biomass and structure:  

Abrupt, temporary biomass 

loss 

Clear-cut logging, 

excessive fire 

Fire and burn scars, 

Above ground biomass 

change (AGB), Net 

Primary Productivity 

(NPP) change, 

Normalized Difference 

Vegetation Index (NDVI) 

change, Soil Organic 

Carbon (SOC) change, 

Land productivity change 

Human footprint 

index, human 

modification index Gradual biomass loss Selective logging, pathogen 

outbreaks, excessive human 

use 

Impoverishment of species composition: 

Simplification of flora 

community  

Plantations, invasive 

species, small patches 

Biodiversity intactness, 

Biodiversity habitat 

index, Nº of threatened 

species, % of threatened 

species 

Human footprint 

index, human 

modification index 

 

Loss of fauna species Hunting, poaching, bush 

meat, loss of connectivity, 

loss of key flora 

Fragmentation of forests: 

Isolation of patches and 

exposed edge 

Agricultural expansion % of forest in different 

size patches; % of forest 

within distance of patch 

edge 

Human modification 

index 

Fragmentation and barriers 

in contiguous patches 

Transport and logging 

infrastructure 

 Intact forest index, 

road density, human 

footprint index, human 

modification index 

Source: adapted from DeFries, Osuri and Malhi (2020), with information from Mitchell, Rosenqvist and Mora 

(2017), IPBES (2018, and Olsson et al (2019). 

 

DeFries, Osuri and Malhi (2020) review and propose different metrics to measure each of these 

three dimensions of forest degradation using remote-sensing approaches, as well as spatial data 

sets on threats to forests that can serve as indirect proxies for forest condition based on 

composite indexes (Table 7). In addition, Table 7 shows other indicators on production, biomass 

and biodiversity indicators that can be produced globally from satellite images based on Olsson 

et al. (2019), IPBES (2018), Mitchell, Rosenqvist and Mora (2017) and our own review. In next 
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section we discuss the different datasets available, and how they are included in our analysis. 

Appendix 6: GIS data processing and variables construction shows the data sources for the 

different indicators in Table 7, as well as other indicators described in DeFries, Osuri and Malhi 

(2020) but not globally available. 

 

6.1.1 Metrics used as proxy of forest degradation 

We constructed nine variables to measure forest degradation based in Table 7 (Table 8). 

However, some socioeconomic variables shown in Error! Reference source not found., such as 

population density and urban extension, can also be considered human modification drivers of 

forest degradation. Only a sub-set of the variables in Table 8 were used to estimate the global 

predictions in Section 0. We discussed the selection of the subset of variables for global 

predictions in Section 6.2. 

Below we discuss the variables processed for the analysis. We separate the discussion between 

metrics measuring changes in productivity, biomass, and biodiversity, and metrics measuring 

human pressure.  

 

6.1.1.1 Measures of changes in productivity, biomass and biodiversity as a proxy of forest 
degradation 

Remote sensing with satellite data has become routinely used over the last few decades to map 

the extent and trends of many variables relevant for assessing degradation (DeFries, Osuri and 

Malhi, 2020). In all the definitions above, changes in production, biomass, and biodiversity is 

indicated by a negative trend in land condition during a period of interest. Thus, the baseline is 

the condition at the start of this period. The concept of baseline is theoretically important but 

often difficult to implement in practice for conceptual and methodological reasons (Olsson et al., 

2019). In addition, baseline definition is especially problematic in biomes characterized by 

seasonal and inter-annual variability. Hence, the baseline values of the indicators to be assessed 

should be determined by averaging data over a number of years prior to the commencement of 

the assessment period (Olsson et al., 2019). Alternatively, DeFries, Osuri and Malhi (2020) 

indicates that because a historical baseline is often not possible, degradation can be measured 

relative to a sustainably managed forest in the same ecological and socioeconomic conditions, 

which may or may not reflect a historical baseline. 

Loss of biomass and structure 

NDVI, as a proxy for Net Primary Production (NPP), is one of the most commonly used methods 

to assess land degradation associated to biomass loss and productivity, since it indicates land 

cover, an important factor for soil protection (Olsson et al., 2019). Although NDVI is not a direct 

measure of vegetation biomass, there is a close coupling between NDVI integrated over a season 

and in situ NPP (Meneses-Tovar, 2011; Olsson et al., 2019). Bai et al. (2008, 2015b) analyzed 
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trend in NDVI for 1982 – 2011. They found that 22% of land has been degraded in the last 30 

years. From this, forest occupies 23% of land, but 37% of degraded land.  

Table 8: Forest degradation metrics processed for the empirical analysis 

 Variable Scale Time period Source Degradation Type  

F
o

re
st

 d
eg

ra
d

a
ti

o
n

 

NDVI trend 1982 – 

2018 (Theil – Sen 

median) 

Cells 
1982 - 2018 Own elaboration 

based on (Vermote 

and NOAA CDR 

Program, 2019) 

Productivity, biomass 

and biodiversity / 

Loss of biomass and 

structure 

Above ground 

biomass 

Cells 
Circa 2016 and change 

2003-2014 

(Avitabile et al., 

2016) 

Productivity, biomass 

and biodiversity / 

Loss of biomass and 

structure 

Forest cover 

change 1992 – 

2018 

Cells 
1992 - 2018 (ESA, 2017a) Productivity, biomass 

and biodiversity / 

Fragmentation of 

forest 

% of threatened 

species (all, 

mammals, birds) 

Cells 
1 layer last published 

2019 

(BirdLife 

International and 

Handbook of the 

Birds of the World, 

2019; IUCN, 2019) 

Productivity, biomass 

and biodiversity / 

Impoverishment of 

species composition 

Nº of threatened 

species (all, 

mammals, birds) 

Cells 
1 layer last published 

2019 

(BirdLife 

International and 

Handbook of the 

Birds of the World, 

2019; IUCN, 2019) 

Productivity, biomass 

and biodiversity / 

Impoverishment of 

species composition 

Biodiversity 

intactness 

Cells 
~ 2005 (Newbold et al., 

2016) 

Productivity, biomass 

and biodiversity / 

Impoverishment of 

species composition  

Human footprint 

index 

Cells 
1993 and 2009 (Venter et al., 2016, 

2018) 

Human pressure 

Human 

modification index 

Cells 
~ 2016 (Kennedy et al., 

2019a) 

Human pressure 

Intact forest (ha.) Cells 
2000, 2013, 2016 (Potapov et al., 

2008, 2017a) 

Human modification / 

Fragmentation of 

forest 

 

We constructed the trend of the NDVI indicator per cell 1982 – 2018 as a proxy for forest 

degradation. To do so, we processed raw data from the National Space Agency (NASA) and the 

National Oceans and Atmosphere Agency (NOAA) (Running et al., 1999; Vermote and NOAA 

CDR Program, 2019) as described in Section 4.1 Construction . See Appendix 6: GIS data 

processing and variables construction for details. Using the global grid cells and annual NDVI 

per grid cell, we estimated the trend per grid cell using the Theil-Sen median trend estimator. 

The Theil–Sen procedure is a rank-based test that calculates the non-parametric slope and 

intercept of the time-series by determining the median of all estimates of the slopes derived from 
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all pairs of observations. The Theil-Sen procedure is commonly used in estimating NDVI trends 

because it is less sensitive to the presence of outliers and is accurate even for skewed and 

heteroscedastic data (Liu et al., 2015). This variable must be interpreted with caution, because 

the baseline does not depart from a pristine ecosystem and could indicate low degradation for 

forests that were already highly degraded in 1982. 

A related indicator of forest degradation that has been globally developed using satellite images 

is above-ground biomass (AGB), i.e. all biomass in living vegetation, both woody and 

herbaceous, above the soil including stems, stumps, branches, bark, seeds and foliage 

(Ravindranath and Ostwald, 2008). A global map of AGB map has been developed by Avitabile 

et al. (2016) using two maps published in 2011 and 2012. Hence, this dataset contains only a 

snapshot of the indicator, not a trend. Thus, the data can be used as a proxy of ecological 

condition, but not degradation per se. We processed the data and explored it potential use for our 

study. Because of the low resolution of the dataset, many cells in the world grid have missing 

values. In addition, the concept is very closely related with NDVI.  

Two additional indicators to approach biomass loss using satellite images are the soil organic 

carbon (SOC) and land productivity change. Stoorvogel et al. (2017) and van der Esch et al. 

(2017) produced a global map of SOC loss, a summarizing parameter including all of the carbon 

forms for dissolved and total organic compounds in soils that is used as a proxy of soil health, 

modelled relative to estimated quantities prior to anthropogenic land use and land cover change. 

The World Atlas of Desertification (Cherlet et al., 2018) show the change in land productivity 

from 1993 – 2013, compiled from phenological metrics from different sources. Both measures 

are important indicators of land degradation, but they had not been widely used for forest 

degradation. In addition, any of them is completely publicly available. Because of these reasons, 

we did not compute these metrics for our analysis. 

Impoverishment of species composition 

We use the number threatened species and the percentage of threatened species of all species to 

proxy the impoverishment of species composition. We use total number of species, computed as 

the sum of threatened mammals, birds, amphibians, and reptiles extant in a grid cell 

(comprehensively assessed taxonomic groups by IUCN). In addition, we evaluate the effects of 

mammals and birds as separate taxonomic groups. Mammals and birds often contain emblematic 

species that may be key drivers of certain ecosystem services, such as recreation and non-wood 

forest products. We computed the total number of species per taxonomic group at the centroid of 

each cell in the world grid using data from BirdLife International (2019) and IUCN (2019). 

In addition, we examined the Biodiversity Intactness Index (Newbold et al., 2016). It is an 

indicator of how land use pressures have affected the numbers of species and individuals found 

in an area. Because of lack of a reference point back in time, the baseline is defined as a pristine 

environment with similar characteristics in the same time. Dataset is constructed with data 

around 2005. We processed and included this variable in our analysis, but not in the global 

predictions in previous sections.  
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Yet another indicator, the Biodiversity Habitat Index (BHI) estimates the impacts of habitat loss, 

degradation and fragmentation on biodiversity globally, by linking remotely‐sensed forest 

change and land‐cover change datasets to recent advances in biodiversity informatics, ecological 

meta‐analysis, and macro-ecological modelling (Ferrier, no date). However, the dataset is not 

public available. 

Fragmentation of forests 

Satellite images can be used to computed several metrics related to forest fragmentation, like the 

proportion of forest within different size patches and the proportion of forest within distance of 

patch edge (DeFries, Osuri and Malhi, 2020). We computed forest cover change per cell between 

1992 and 2018 using the ESA (2017a) land cover dataset. We did not compute annual changes, 

but the change during a period of 17 years. This considers the fact that despite the annual 

changes can be small, degradation can be significant if forest area loss is continuously taking 

place. As with the NDVI trend, this measure should be taken with caution, because the baseline 

year can be in a point in time where the ecosystem was already degraded. That is, an area not 

showing forest cover change might be a consequence of being pristine, but also of being already 

degraded before the baseline year. 

The Global Forest Change (GFC) dataset produced has become a prevalent data source to 

measure forest cover and forest loss (Hansen et al. 2013). The GFC data consists of three 

datasets: i. Tree canopy cover for year 2000, where trees are defined as vegetation taller than 5m 

in height and are expressed as a percentage per output grid cell, ii. annual forest loss during the 

period 2000–2019, defined as a stand-replacement disturbance, or a change from a forest to non-

forest state, iii. forest gain during the period 2000–2012, defined as the inverse of loss, or a non-

forest to forest change entirely within the study period. The data includes annual estimates of 

forest loss, but not estimates of forest gains (forest gain is only reported in one dataset for the 

period 2000 – 2012). This is a problem for estimating forest cover change within different size 

patches, especially in places with inter-annual variability, for example, sustainable logging. 

We processed (see Appendix 6: GIS data processing and variables construction) the three 

datasets by Hansen et al. to compute forest cover per cell in the world grid using three different 

tree cover thresholds to define if a pixel is considered forest (0%, 25%, and 50%). Hansen et al. 

(2013) show results using 25% and 50% tree cover as thresholds to define a pixel as a forest. 

There is no consensus in the literature about which is the right tree cover threshold that can be 

considered a threshold using GFC dataset. For example, Gasparini et al. (2019) validate the GFC 

data using national forest inventory in the Brazilian Amazon, and recommend using an 80% 

threshold for the Tree Canopy Cover 2000 data for assessing forest cover in the Amazon basin. 

As a result, the threshold definition is site specific. 

The annual area of forest loss per grid cell was computed using the total area of pixels that 

transitioned from forest to non-forest in the GFC dataset (see Appendix 6: GIS data processing 

and variables construction for details). Finally, we computed annual forest cover 2001 – 2018 per 

grid cell by extracting the forest cover area lost to the forest cover in 2000. We found many grid 
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cells with negative values in forest area, even for year 2001. This may be a consequence of not 

being able to consider forest gain in the assessment (no annual data listed for forest gain in the 

GFC). In addition, we computed the ratio between forest cover loss in a given year and forest 

cover area in 2000 per grid cell. This is one of the four measures of forest degradation shown in 

Hansen et al. (2013), and the only one that can be constructed without considering annual forest 

gains. This exercise showed many values over 100%, indicating that the results are no plausible. 

This result was true even using a 0% tree cover threshold to define a pixel as forest in 2000. 

Because the data is sensitive to the threshold used to define forest cover in 2000 and can be 

distorted because of lack of annual data for forest gain, we proceeded without further using this 

dataset. 

 

6.2.2 Human pressure as a proxy of forest degradation 

The importance of human pressure and drivers as proxy of forest degradation has been 

highlighted by IPBES (2018) and DeFries, Osuri and Malhi (2020). However, the interpretation 

of a negative trend in land condition is somewhat subjective, especially where there is a trade-off 

between ecological integrity and value to humans (Olsson et al., 2019). For example, reducing 

timber yields to safeguard biodiversity by leaving more wood on site can be an action that 

constitutes a decrease in biomass degradation but also of human welfare. Thus, a land-use 

change that reduces ecological integrity and enhances sustainable food production at a specific 

location is not necessarily degradation (Olsson et al., 2019). The consideration of trade-offs are 

important when looking at human pressure measures. For example, road development can 

increase forest fragmentation, but also accessibility to conduct recreational activities and 

connectivity of NWFP to the markets. At the end, the relationship between human pressures, 

degradation, and values from ecosystem services is an empirical issue. 

In the case of measures of human pressure, the problem of defining a baseline is less important 

than in productivity, biomass, and biodiversity change indicators. Human pressures can be 

expected to be null in a pristine environment, and thus, can be more directly interpreted. 

There are two main types of measures of human pressure related with variables related to human 

activities, and forest degradation. In section 4.1 we described some socioeconomics indicators, 

such as population density, urban percentage, distance to urban areas, and roads density, that are 

used as a proxy of the demand for the ecosystem services and controls of socioeconomic 

characteristics. These variables can also be interpreted as proxy of human pressure.  

In addition, there exist aggregate indices that measure human pressure on the environment. 

Aggregated global spatial explicit indexes include the human modification index (Kennedy et al., 

2019b), the intact forest (Potapov et al., 2008, 2017b), and the human footprint index (Venter et 

al., 2016). These indexes combine different dimensions related to human pressures, like human 

settlement, agriculture, transportation, mining, energy production, distance to urban areas, 

between others. The indexes are indicators of many of the forest degradation types shown in 
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Table 7. Intact forest has been computed for three years (2000, 2013, and 2016), human footprint 

for two years (1993 and 2009), and human modification index only for one year (2016). 

 

6.2 Empirical approach to determining how the unit value of forest ecosystem service is 
affected by forest degradation 

To determine the role of forest degradation on the value of non-wood forest ecosystem services, 

we included the variables in Table 8 as potential explanatory variables, both in regression and 

machine learning models. This approach allows the estimation of the value of ecosystem services 

by incorporating measures for forest degradation, including predictions globally using the world 

grid. GIS data processing of global databases and linkages with value estimates is explained in 

Section 4. 

The reasoning behind this approach is that various degrees of forest degradation are implicit in 

the values compiled from the primary literature to be assessed in the meta-analysis. For example, 

if less degraded forests help to control pollutants run-off from agricultural activities into river 

streams, water treatment plants located downstream will face lower water purification costs. 

Comparing value estimates regarding water studies by incorporating measures of forest 

degradation will allow to predict the value of non-wood forest ecosystem services as a product of 

forest degradation. DeFries, Osuri and Malhi (2020) discuss the primary effects of forest 

degradation on the supply of non-wood forest ecosystem services.  

From the nine variables measuring different dimensions of forest degradation in Table 8, four 

variables are applicable for global predictions and the assessment of marginal effect of forest 

degradation: NDVI trend 1982 – 2018, forest cover change per cell 1992 – 2018, the number of 

threatened species, and the percentage of threatened species. The results of these models are 

shown in Section 0. 

The remaining variables were discarded for different reasons. The AGB dataset contains only a 

snapshot of the indicator, and not a trend. Thus, the data can be used as a proxy of ecological 

condition, but not degradation per se. In addition, many cells in the world grid have missing 

values because of the low resolution of the dataset. The rest of the variables are composed 

indices summarizing different dimensions of the drivers of forest degradation, as shown in Table 

7. In addition, most of the indices are available for only one or two time periods. In general, we 

preferred to include variables that are related to the underlying information of the indices and 

available for many years along the time period, such as population or urban density, instead of 

aggregate indexes.  

In the next section, we discuss the results of the regression analyses using all the relevant 

variables in Table 8, and discuss the interpretation of the results. We do not include the 

composed indices in the machine learning models because of two reasons. First, the ML models 

do not allow for a detail understanding of the role of one variable in the final outcome. Second, 

the composed indices are correlated with many of the other covariates included in the model, 
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potentially creating more distortions than the clarity they will bring. Finally, in Section 6.4 we 

estimate the marginal change in non-wood forest ecosystem services values because of changes 

in forest degradation based in the models used in Section 0. 

6.3 Results 

6.3.1 Descriptive analysis 

Table 9 lists the descriptive statistics of the variables used to measure forest degradation in the 

estimation dataset. The upper panel in Table 9 shows the set of variables used as proxies for 

productivity, biomass, and biodiversity change in the models to estimate global predictions in 

Section 0. Detailed descriptions of these variables are included in Section 5.1.1. 

 

Table 9: Descriptive statistics of variables to measure forest degradation 

Variable Obs. Mean 
Std. 

Dev. 

Distribution 

Min Median Max 

  

Included in global prediction models in Section 5 

NDVI trend 1982 - 2018 270 0.0005 0.0012 -0.0028 0.0005 0.0036 

Forest change 1998 - 2018 (% cell) 270 0.0059 0.08 -0.68 0.00 0.46 

Nº species threatened 270 15.08 13.15 2.00 10.00 58.00 

Nº mammals threatened 270 4.78 6.68 0 2 30 

Nº birds threatened 270 8.32 5.17 1 7 28.00 

% species threatened 270 0.04 0.03 0.01 0.03 0.23 

% mammals threatened 270 0.06 0.09 0.00 0.04 0.75 

% birds threatened 270 0.04 0.02 0.0073 0.04 0.15 

  

Not included in global prediction models in Section 5 

Biodiversity intactness index 268 0.91 0.09 0.54 0.92 1 

Intact forest index 270 0.10 0.29 0 0 1 

Human modification index 270 0.28 0.20 0 0.26 0.77 

Footprint index 268 10.27 8.98 0 7 42.05 

The lower panel in Table 9 lists descriptive statistics for the remaining variables measuring forest 

degradation that were processed, but not used for global predictions. All these variables are 

composite indices that are available only of one or two time periods. 

The biodiversity intactness index is the average abundance of originally present species across a 

broad range of species, relative to abundance in an undisturbed habitat, in a range from 0 to 100 

percent (Newbold et al., 2016). The average value of the biodiversity intactness index in the 

location of the value sites is 91 percent. Examining the distribution of the values shows that 95 

percent of the value sites have higher than 75 percent biodiversity intactness, and 11 percent of 

the value estimates are located in areas where biodiversity did not change relative to an 

undisturbed habitat. The median is 92 percent, higher than the 10 percent change suggested by 

the authors as a precautionary reduction. In conclusion, the change in biodiversity is 

heterogeneous across value sites, but in general, the loss is not very high.  
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There are three indices that measure forest degradation related to human pressures. The intact 

forest indicates if a cell is covered by forest that is intact, i.e. unbroken swaths of primary forests 

that are free of significant anthropogenic damage (Potapov et al., 2017a). We used the intact 

forest index to compute the percentage of a cell that is covered with intact forest. On average, 10 

percent of the cells are covered by intact forest, while 87 percent of the sample show null 

coverage of intact forest. This result is as expected in general, mostly for use values, because for 

forest to bring benefits it needs to be accessible to people, turning it into a non-intact forest by 

definition. Because the number of observations with non-null values for this variable is very low, 

we decided to not use this variable for the empirical analysis below. 

The human modification index is a continuous 0-1 metric that reflects the proportion of a 

landscape modified based on modeling the physical extents of 13 anthropogenic stressors and 

their estimated impacts (M. Kennedy et al., 2018). The mean value in the value sites’ cell is 0.28, 

ranging between 0 and 0.77. The median is 0.26. As before, there is a wide range of values, 

showing heterogeneity across sites. However, despite the landscapes in the cells of the value sites 

are not intact, in general they do not show extremely heavy modification. 

The human footprint index shows a similar pattern. The human footprint index can range 

between 0 – 50, based on several variables related to population density, build environments and 

infrastructure, and land use. The mean value is 10.3, and the 75th percentile is 14.6. This 

reinforces the fact that the study sites included are not intact, but in general not heavily modified.  

 

6.3.2 Regression analysis on the role of forest degradation 
 

Recreation 

Table 10 lists results from meta-regression models to analyze the role of degradation in the value 

of recreation (Model 1), including a series of model specifications that include, one by one, 

different variables that denote forest degradation, as well as some specification that include 

combinations of several of those variables. Model 14 in Table 10 is the preferred model for 

regression analysis, and it is the same as Model 1 in Table 4. This model includes forest cover 

change 1992 – 2015 and the percentage of threatened species to the base model. 

Model 3 in Table 10 shows that forest cover change 1992 – 2018 is statistically significant when 

it is the only variable included to the base model. As discussed in Section 0, its p-value increases 

to slightly over 0.10 when included jointly with the percentage of threatened species in our 

preferred model (Model 14 in Table 10). 

Models 12 and 15 in Table 10 suggest that the role of the percentage of threatened species of all 

species is mostly driven by birds. We keep Model 14 for its slightly better performance out-of-

sample. This is reinforced by Model 9 that shows that when including the number of total and 

threatened birds, they are both significant with the expected sign.  
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In addition to forest cover change 1992-2018 and the percentage of threatened species, there are 

other variables measuring forest degradation that show significant coefficients. In particular, 

Human footprint index (Model 6 in Table 10) is not only significant, but in general, its inclusion 

in the model specification slightly improves out-of-sample predictions.  

The human footprint index increases as human pressures increase, indicating that benefits from 

recreation decrease when human pressures increase. However, we excluded the models including 

the human footprint index from further use because of three reasons. First, while the objective 

here is to produce annual predictions of the value of forest ecosystem services, only two 

snapshots of the human footprint index exist. Second, the interpretation is less intuitive because 

there are many factors that are part of the index. Instead, analyzing the components of the index 

separately as we did when including variables regarding population density, urban share, and 

road density, is more intuitive.   

 

Habitat and species protection 

Table 11 shows the base specification (Model 1) for habitat and species protection, and 

additional models including the variables regarding forest degradation one by one. The preferred 

model for habitat and species degradation is Model 1, without including any variable regarding 

forest degradation. This is the same model as Model 2 in Table 4. 

When including the variables to measure forest degradation, none of them yield statistically 

significant coefficients. Only the human modification index shows a significant coefficient when 

not including any other control variable more than GNI. However, the coefficient is not 

significant when including other controls, like population density (Table A7.4 in Appendix 7: 

Results additional tables and figures). For global predictions, we choose the model using 

population density, instead of the index, because it allows to better understand the underlying 

dynamics between the controls and the dependent variable, and is more helpful for future update 

of the global estimates. 
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Table 10: Regression results on the effect of degradation on recreational values 

  

Base 

model Degradation 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 

                
ln GNI per capita PPP 2013 1.05*** 0.99*** 1.07*** 1.04*** 1.07*** 1.10*** 0.92*** 1.04*** 0.81*** 0.96*** 1.05*** 0.90*** 1.13*** 0.98*** 0.93*** 

 (0.27) (0.25) (0.27) (0.27) (0.27) (0.27) (0.28) (0.29) (0.28) (0.27) (0.28) (0.27) (0.27) (0.27) (0.27) 

ln Population density 75 km 0.65*** 0.60*** 0.63*** 0.64*** 0.82*** 0.89*** 0.70*** 0.64*** 0.75*** 0.69*** 0.65*** 0.71*** 0.87*** 0.67*** 0.69*** 

 (0.09) (0.11) (0.09) (0.09) (0.17) (0.15) (0.09) (0.10) (0.09) (0.09) (0.09) (0.09) (0.15) (0.09) (0.09) 

ln Temperature (K) 36.14*** 34.99*** 35.33*** 35.70*** 36.70*** 37.08*** 38.33*** 38.70*** 33.44*** 40.37*** 39.34*** 35.69*** 36.27*** 39.43*** 35.02*** 

 (10.07) (9.81) (9.98) (10.53) (10.18) (10.20) (10.56) (11.36) (9.34) (10.36) (10.78) (9.89) (10.06) (10.30) (9.80) 

ln Precipitation (mm) 0.48 0.64* 0.52* 0.63* 0.43 0.45 0.42 0.47 0.29 0.47 0.50* 0.37 0.48 0.51 0.41 

 (0.29) (0.32) (0.30) (0.36) (0.29) (0.29) (0.32) (0.30) (0.32) (0.30) (0.30) (0.30) (0.30) (0.31) (0.31) 

NDVI trend 1982 - 2018  177.37              

  (158.71)              
Forest change 1992 - 2018    4.87*          4.57* 3.90 4.18 

   (2.59)          (2.49) (2.53) (2.57) 

Biodiversity intactness    -1.91            

    (2.31)            
Human modification index     -1.81           

     (1.58)           
Human footprint index      -0.06**       -0.06**   

      (0.03)       (0.03)   
Nº species       0.89**         

       (0.42)         
Nº species threatened       -0.86         

       (0.58)         
Nº mammals        0.20        

        (0.31)        
Nº mammals threatened        -0.16        

        (0.38)        
Nº birds         1.07**       

         (0.51)       
Nº birds threatened         -1.31*       

         (0.71)       
% species threatened          -14.94***    -13.90***  

          (4.51)    (4.72)  
% mammals threatened           -1.75     

           (1.50)     
% bird threatened            -20.31**   -19.01* 

            (9.48)   (9.79) 

Constant -215.87*** 

-

209.72*** 

-

211.80*** 

-

212.49*** 

-

218.97*** 

-

221.63*** 

-

229.54*** 

-

230.71*** 

-

200.17*** 

-

238.32*** 

-

233.93*** 

-

210.48*** 

-

217.51*** 

-

233.50*** 

-

207.33*** 

 (58.33) (56.58) (57.83) (60.77) (58.84) (58.96) (60.10) (64.74) (53.61) (59.57) (62.30) (56.89) (58.20) (59.22) (56.40) 

                

Observations 108 108 108 106 108 106 108 108 108 108 108 108 106 108 108 

R-squared 0.52 0.53 0.54 0.54 0.53 0.56 0.55 0.53 0.56 0.56 0.53 0.56 0.57 0.57 0.57 

AIC 427.4 428 425.6 419 427.6 413.8 424.8 430.8 422.6 419.6 428.4 421.4 412.2 419 420.4 

BIC 440.8 444.1 441.7 435.0 443.7 429.8 443.6 449.6 441.4 435.7 444.5 437.5 430.8 437.8 439.2 

RSME 1.77 1.78 1.75 1.78 1.78 1.73 1.78 1.83 1.76 1.72 1.78 1.75 1.71 1.72 1.74 

Robust standard errors in parentheses  

*** p<0.01, ** p<0.05, * p<0.1 
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Table 11: Regression results on the effect of degradation on habitat and species protection values 
  Base model Degradation 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

ln GNI per capita PPP 2013 0.76* 0.764* 0.770* 0.737* 0.763* 0.754* 0.696 0.735 0.731 0.750* 0.702 0.746* 

 (0.42) (0.428) (0.424) (0.424) (0.417) (0.440) (0.517) (0.483) (0.504) (0.437) (0.481) (0.431) 

ln Population density 75 km 0.48** 0.476** 0.473** 0.470** 0.387 0.567** 0.489** 0.450** 0.481** 0.490** 0.450** 0.496** 

 (0.19) (0.199) (0.192) (0.193) (0.277) (0.214) (0.188) (0.210) (0.194) (0.200) (0.200) (0.201) 

ln Temperature (K) 7.74 7.720 8.276 6.638 9.333 5.722 -5.213 9.518 -0.447 9.007 12.39 6.836 

 (13.12) (13.21) (13.67) (14.14) (14.08) (13.85) (19.81) (17.74) (17.66) (13.31) (13.57) (13.61) 

ln Precipitation (mm) -0.89* -0.890* -0.891* -0.805 -0.868* -0.861 -1.100* -0.877 -1.051* -0.812 -0.788 -0.922* 

 (0.50) (0.505) (0.505) (0.610) (0.487) (0.529) (0.566) (0.578) (0.545) (0.494) (0.530) (0.493) 

ln Study site area (km2) -0.15* -0.154* -0.153* -0.157** -0.150* -0.163* -0.162* -0.161** -0.159* -0.179** -0.161** -0.172** 

 (0.08) (0.0783) (0.0777) (0.0782) (0.0803) (0.0826) (0.0809) (0.0793) (0.0798) (0.0820) (0.0779) (0.0811) 

NDVI trend 1982 - 2018   -2.508           

   (208.0)           
Forest change 1992 - 2018 (p.p)    -0.619          

    (2.275)          
Biodiversity intactness     -1.102         

     (3.939)         
Human modification index      0.942        

      (2.134)        
Human footprint index       -0.0288       

       (0.0511)       
Nº species        0.895      

        (1.062)      
Nº species threatened        0.0805      

        (0.734)      
Nº mammals         0.267     

         (0.764)     
Nº mammals threatened         -0.182     

         (0.547)     
Nº birds          0.821    

          (1.160)    
Nº birds threatened          -0.00178    

          (0.940)    
% species threatened           -12.59   

           (8.426)   
% mammals threatened            -4.173  

            (6.161)  
% bird threatened             -13.82 

             (16.19) 

Constant -40.74 -40.62 -43.82 -33.79 -49.84 -29.42 29.43 -51.29 2.717 -47.60 -66.71 -34.60 

 (74.94) (75.46) (78.10) (81.30) (80.20) (79.09) (111.1) (101.7) (98.96) (76.10) (77.00) (77.87) 

Observations 73 73 73 73 73 73 73 73 73 73 73 73 

R-squared 0.23 0.228 0.228 0.229 0.231 0.232 0.246 0.231 0.243 0.253 0.236 0.241 

AIC 317.4 319.4 319.4 319.4 319.2 319 319.8 321.2 320 317 318.8 318.2 

BIC 331.1 335.4 335.4 335.4 335.2 335.0 338.1 339.5 338.3 333.0 334.8 334.2 

RSME 2.20 2.22 2.22 2.24 2.24 2.24 2.35 2.32 2.37 2.27 2.26 2.31 

Robust standard errors in parentheses              
*** p<0.01, ** p<0.05, * p<0.1          
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Non-wood forest products 

Table 12 shows a base model specification for the meta-regression model for the value of non-

wood forest products (Model 1), plus a series of model specifications adding the variables for 

forest degradation one by one. Model 10 in Table 12 is the preferred model for regression 

analysis and is the same as Model 3 in Table 4. This model includes the percentage of threatened 

species of all species to the base model. 

When including variables to measure forest degradation, we found that the percentage of 

threatened birds and mammals of all species in their taxonomic group are significant when taken 

individually (Model 11 and 12 in Table 12, respectively). In addition, the effect of threatened 

species seems to be driven by threatened birds. Model 9 in Table 12 shows that both the total 

number and number of threatened birds are statistically significant when considered individually.  

The biodiversity intactness index is statistically significant, yielding a negative sign (Model 4 in 

Table 12. The biodiversity intactness index is the average abundance of originally present 

species across a broad range of species, relative to abundance in an undisturbed habitat, in a 

range from 0 to 100 percent (Newbold et al., 2016). The negative coefficient indicates that as the 

value site is more pristine, the value decrease, indicating the potential lack of access to protected 

areas or more remote places. This result is in line with the negative coefficient for the variable 

measuring the size of the protected area.  
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Table 12: Regression results on the effect of degradation on non-wood forests products values 
  Base model Degradation 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

                         
ln GNI per capita PPP 2013 -0.82*** -0.85*** -0.83*** -0.83*** -0.83*** -0.89*** -0.96*** -0.94*** -0.86*** -0.94*** -1.06*** -0.83*** 

 (0.18) (0.22) (0.19) (0.19) (0.19) (0.23) (0.25) (0.25) (0.21) (0.20) (0.25) (0.17) 

ln Population density cell 0.51*** 0.49*** 0.52*** 0.49*** 0.47** 0.43*** 0.56*** 0.45*** 0.61*** 0.55*** 0.46*** 0.56*** 

 (0.09) (0.10) (0.10) (0.09) (0.19) (0.14) (0.09) (0.12) (0.07) (0.09) (0.11) (0.08) 

% Forest country 3.82** 3.83** 3.96** 3.94** 3.89** 4.13** 3.09** 3.15* 3.03* 2.87* 3.19** 2.91* 

 (1.58) (1.59) (1.76) (1.51) (1.60) (1.77) (1.49) (1.61) (1.48) (1.58) (1.53) (1.61) 

ln PA size (km2) -0.15** -0.15** -0.15** -0.17** -0.15** -0.15** -0.14** -0.17** -0.10* -0.13** -0.16** -0.12* 

 (0.06) (0.06) (0.06) (0.06) (0.07) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) 

NDVI trend 1982-2018  62.57            

  (211.01)            
Forest change 1982 - 2018 (p.p)   0.67           

   (1.09)           
Biodiversity intactness    -3.73*          

    (1.99)          
Human modification index     0.52         
     (1.94)         
Human footprint index      0.02        

      (0.02)        
ln Species richness       1.06       

       (0.67)       
ln Species threatened       -1.32*       

       (0.66)       
ln Nº mammals        0.61      

        (0.63)      
ln Nº mammals threatened        -0.64      
        (0.48)      
ln Nº birds         1.18**     

         (0.54)     
ln Nº birds threatened         -1.63*     
         (0.84)     
% species threatened          -25.11**   

          (11.83)   
% mammals threatened            -10.07*  

            (4.94)  
% birds threatened             -27.49* 

             (13.87) 

Constant 8.35*** 8.63*** 8.35*** 12.06*** 8.45*** 8.88*** 7.15* 8.43** 5.68 10.77*** 11.81*** 9.49*** 

 (1.44) (1.70) (1.44) (2.39) (1.47) (1.75) (4.17) (3.18) (3.72) (2.02) (2.55) (1.45) 

              
Observations 46 46 46 46 46 46 46 46 46 46 46 46 

R-squared 0.64 0.64 0.64 0.65 0.64 0.64 0.71 0.68 0.71 0.70 0.71 0.69 

AIC 164.26 166.2 166.16 164.44 166.22 165.9 158.96 163.36 158.5 157.36 156.78 159.42 

BIC 173.4 177.2 177.1 175.4 177.2 176.9 171.8 176.2 171.3 168.3 167.8 170.4 

RMSE 1.48 1.52 1.51 1.48 1.51 1.50 1.49 1.64 1.49 1.43 1.44 1.46 

Robust standard errors in parentheses             
*** p<0.01, ** p<0.05, * p<0.1             
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In addition, the human modification index and the human footprint index are statistically 

significant when not including any other control variable besides GNI. The coefficients of these 

variables are not significant when including other controls, like population density (Table A7.6 

in Appendix 7: Results additional tables and figures). As before, we choose the model using 

population density for global predictions, instead of using composite indices, because it better 

allows to understand the underlying dynamics between the drivers and the dependent variable 

and is more helpful for future updates. 

 

Water services 

Table 13 shows the estimation results for the base model specification (Model (1)) for water 

services, and additional models including the variables regarding forest degradation one by one. 

The preferred model is the base Model 1, without any variables included for forest degradation. 

This is the same model as Model 4 in Table 4. 

The biodiversity intactness index is significant only when removing any other control variable 

except GNI. The coefficient turns statistically insignificant when other controls, such as 

population density, climate, or forest extent are included (Table A7.4 in Appendix 7: Results 

additional tables and figures). Biodiversity intactness is a composite index of biodiversity 

abundance that is constructed using land cover data. As a result, it shows the same effect as the 

variable controlling for forest extent. As before, we choose the model using the underlying data 

of the indices, instead of the indices themselves, because this allows to better understand the 

dynamics between the drivers and the dependent variable and is more helpful for future updates 

of the global estimates. 
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Table 13: Regression results on the effect of degradation on water services' values 

  Base model Degradation 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 

                            

ln GNI per capita PPP 2013 2.40*** 2.46*** 2.39*** 2.40*** 2.43*** 2.34*** 2.07*** 2.21*** 2.16*** 2.52*** 2.38*** 2.29*** 2.34*** 

 (0.37) (0.35) (0.42) (0.38) (0.37) (0.47) (0.40) (0.46) (0.38) (0.46) (0.38) (0.45) (0.36) 

ln Temperature (K) 70.73*** 69.78*** 70.89*** 70.50*** 65.52** 67.71** 78.94*** 65.86*** 87.56*** 87.70*** 69.00*** 67.94*** 67.18** 

 (23.02) (23.10) (23.64) (23.18) (29.69) (25.06) (25.28) (22.38) (18.66) (13.91) (24.65) (24.18) (24.29) 

ln Precipitation (mm) -0.21 -0.35 -0.22 -0.20 -0.11 -0.21 -0.21 0.00 -0.91 -1.42* -0.19 -0.11 -0.29 

 (1.21) (1.38) (1.24) (1.20) (1.28) (1.26) (1.16) (1.32) (0.85) (0.71) (1.24) (1.25) (1.16) 

% Forest cell -2.70** -2.87** -2.73* -2.67* -2.64** -2.72** -1.94* -2.68** -1.76 -1.42 -2.72** -2.67** -2.76** 

 (1.22) (1.18) (1.35) (1.41) (1.22) (1.29) (1.10) (1.26) (1.06) (0.95) (1.28) (1.29) (1.26) 

ln Population density 75 km -1.13** -1.12** -1.14** -1.12* -1.27** -1.15** -1.06** -1.10* -0.96** -1.02** -1.10** -1.12** -1.05** 

 (0.51) (0.52) (0.54) (0.59) (0.58) (0.52) (0.49) (0.55) (0.40) (0.42) (0.53) (0.54) (0.49) 

ln Distance closest urban area (km) -1.22** -1.30** -1.23** -1.20* -0.70 -0.96 -1.19** -1.16* -1.24** -1.25*** -1.17* -1.17* -1.12* 

 (0.55) (0.61) (0.56) (0.69) (1.13) (0.91) (0.58) (0.58) (0.53) (0.43) (0.62) (0.58) (0.60) 

NDVI trend 1982 - 2018  -264.89            

  (324.74)            
Forest change 1992 - 2018 (p.p)   0.22           

   (1.74)           
Biodiversity intactness    -0.29          

    (6.36)          
Human modification index     2.90         

     (4.79)         
Human footprint index      0.03        

      (0.07)        
ln Species richness       -0.37       

       (0.84)       
ln Species threatened       -0.96       

       (0.64)       
ln Nº mammals        0.29  1.48*    

        (0.75)  (0.83)    
ln Nº mammals threatened        -0.36  0.65*    

        (0.44)  (0.32)    
ln Nº birds         -0.31 -1.63*    

         (0.64) (0.87)    
ln Nº birds threatened         -1.63** -2.39***    

         (0.73) (0.84)    
% species threatened           -2.14   

           (8.31)   
% mammals threatened            -3.17  

            (5.86)  
% bird threatened             -8.28 

             (14.21) 

Constant -410.37*** -404.17*** -410.98*** -408.94*** -383.29** -393.37*** -449.65*** -383.40*** -494.39*** -493.35*** -400.52*** -394.00*** -389.21*** 

 (125.25) (124.27) (128.61) (126.32) (160.70) (137.55) (136.64) (122.04) (100.72) (74.55) (134.50) (131.45) (132.79) 

Observations 27 27 27 27 27 27 27 27 27 27 27 27 27 

R-squared 0.74 0.75 0.74 0.74 0.75 0.74 0.77 0.75 0.81 0.85 0.74 0.74 0.75 

AIC 111.14 112.2 113.14 113.14 112.3 112.94 111.9 114.1 106.88 104.18 113.04 112.58 112.42 

BIC 120.2 122.6 123.5 123.5 122.7 123.3 123.6 125.8 118.5 118.4 123.4 122.9 122.8 

RMSE 1.93 2.04 2.34 2.08 2.12 2.04 2.06 2.12 1.98 1.97 2.35 2.05 2.24 

Robust standard errors in parentheses              
*** p<0.01, ** p<0.05, * p<0.1              
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6.4 Global estimation of marginal change in forest degradation 

In this section, we use the results from the above regression analyses of forest degradation to 

assess how it has impacted the value of forest ecosystem services in reality. We estimate the 

marginal effect of forest degradation on the value of recreation and non-wood forest products 

based on the results from the regression analyses and using to predict the consequences of past 

degradation across the globe. We do not include estimates of the effect of forest degradation on 

habitat and species protection and water services, because machine learning methods to evaluate 

marginal effects are still in developmental phase. There are different proposed approaches to 

compute the effect of a marginal change of a variable in the prediction in machine learning 

models (Molnar, 2020). The most consolidated method is Partial Dependent Plot (PDP). 

However, this approach, and most of the approaches, requires strict independence across the 

variables, which is not the case in our analysis.  

In order to project the marginal effect of forest degradation, we computed how a 1-percentage 

point change in the degradation of forests affects the value of non-wood forest ecosystem 

services in the grid cell and by country, on average in 2018. Figure 14 and 18 show the results. 

Here we focus on forest degradation variables that proxy productivity, biomass, and biodiversity 

change. We do not consider marginal effects of forest degradation variables related to human 

pressure, because they can have also an important role related with the demand of the ecosystem 

services. 

We found in sections above that the variables measuring forest degradation were significant for 

recreation and non-wood forest products in the meta-regression analysis, but not for habitat and 

species protection and water services. In addition, in machine learning models, variables 

regarding forest degradation were among the most important variables for habitat and species 

protection and water services, but not for recreation and non-wood forest products. To compute 

the marginal value of forest degradation for recreation and non-wood forest products, we used 

the coefficients of the degradation variables in the meta-regression models (1) and (3) in Table 4, 

respectively. For recreation, the change for each cell i is computed as: 

 

�̂�1Δ𝐹𝑜𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟 𝑐ℎ𝑎𝑛𝑔𝑒 95 − 18𝑖 + �̂�2Δ% species threatened𝑖  

 

where Δ𝐹𝑜𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟 𝑐ℎ𝑎𝑛𝑔𝑒 95 − 18𝑖 is computed as 𝐹𝑜𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟 𝑐ℎ𝑎𝑛𝑔𝑒 95 − 18𝑖 ∗ 0.99 

if 𝐹𝑜𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟 𝑐ℎ𝑎𝑛𝑔𝑒 95 − 18𝑖 < 0 and 𝐹𝑜𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟 𝑐ℎ𝑎𝑛𝑔𝑒 95 − 18𝑖 ∗ 1.01 if 

𝐹𝑜𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟 𝑐ℎ𝑎𝑛𝑔𝑒 95 − 18𝑖 > 0, and Δ% species threatened𝑖 =  % species threatened𝑖 ∗

0.99. �̂�1 and �̂�2 are the estimated coefficients of the variables 𝐹𝑜𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟 𝑐ℎ𝑎𝑛𝑔𝑒 95 − 18 

and % species threatened in Model (1) in Table 4. For non-wood forest products, we use the 

same strategy, using only the variable % species threatened, based in Model 3 in Table 4. 
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In the case of habitat and species protection and water services, we examined the marginal effect 

of forest degradation based on the results from the ML models. There are different approaches to 

compute the effect of a marginal change of a variable in the prediction in machine learning 

models (Molnar, 2020). The most consolidated method is Partial Dependent Plot (PDP). 

However, this approach, and most of the approaches, requires strict independence across the 

variables, that is not the case in our analysis. In addition, this is a new field in machine learning, 

where developments are still in an experimental phase. 

Because of this, we assessed the marginal change in the value of habitat and species protection 

and water services using an alternative approach. We computed a new set of predictions using 

the 2018 prediction dataset but reducing 1% of all degradation variables related to productivity, 

biomass, and biodiversity change. Then, we computed the change in the predicted value of 

ecosystem services relative to the baseline in 2018.  

Panel a and c in Figure 14 show the marginal change per cell of improving degradation 1% in 

2018 for recreation and non-wood forest products, respectively, as predicted using regression 

models. The value of these services increases between 0 percent to 8 percent for recreation, and 

between 0 and 15 percent for non-wood forest products, depending on the actual value of the 

cell. The mean and median change is 1 percent and the 99th percentile is around 2 percent in both 

cases. The magnitude of the results is reasonable and consistent with the sign of the coefficients 

in Model 1 and Model 3 in Table 4 for recreation and non-wood forest products, respectively. 

Panel b and d in Figure 14 show the marginal change per cell of improving degradation 1% in 

2018 for habitat and species protection and water services, respectively, as predicted using ML 

models. The marginal changes for habitat and species protection and water services show both 

positive and negative values. That is, while improving degradation increases the value per 

hectare in some cells, it decreases the value per hectare in other cells. This is the results of 

potential non-linarites in the estimation dataset that are captured by the ML models, but not 

imposed in the regression models.  
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Figure 14: Marginal change in value of ecosystem service from reduced degradation, by grid-cell (1% reduced degradation, 

percentage over 100) 

 

Note: the legend needs to be multiplied by 100 to be interpreted as a percentage change 
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Figure 15: Marginal change in the value of ecosystem services from reduced degradation, by country (1% reduced 

degradation, percentage over 100) 

 

Note: the legend needs to be multiplied by 100 to be interpreted as a percentage change 
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7. Summary and recommendations 

The World Bank The Changing Wealth of Nations 2018 report presents estimates of non-wood 

forest wealth, based on spatially explicit meta-regression models that predict annual, per hectare 

economic values for three non-wood forest ecosystem services (Siikamäki et al. 2015). The 

current report extends Siikamäki et al. (2015) in three ways: First, we update the studies database 

by incorporating newly available studies. Siikamäki et al. (2015) reviewed 287 studies, from 

which 185 values were extracted. The current report includes 85 additional values extracted after 

reviewing 375 new papers.  

Second, we complement the meta-regression analysis in Siikamäki et al. (2015) by developing a 

machine learning approach to estimating the value of non-wood forest ecosystem services 

globally. We used meta-regression and machine learning techniques to develop predictive 

models for four distinct ecosystem services: recreation, habitat and species conservation, non-

wood forest products, and water services. Thereafter, we conducted statistical model selections 

and developed localized estimates of the values of these forest ecosystem services for nearly 1.2 

million grid cells in a 0.1ºx0.1º grid covering the world’s forests. Finally, using local predictions, 

we summarized the value of forest ecosystem services by country and ecosystem service, 

globally. The revised approach extends from the estimates developed in Siikamäki et al. (2015) 

by increasing the number of studies considered, increasing the geographical coverage, and 

assessing several methods for global predictions.  

Third, we develop an operational method for identifying forest degradation based on remote 

sensing that can be applied globally and estimate how the unit value of each forest ecosystem 

service examined here is affected by degrees of forest degradation. Considering the role of forest 

degradation as a determinant of non-wood forest ecosystem services allows to control for an 

important source of heterogeneity across sites that is hard to capture through other measures, 

allowing to increase the accuracy of the global predictions. The effect of forest degradation on 

the values of recreation and non-wood forest products is estimated using meta-analytic 

regression results. Data and machine learning methods currently available do not allow for robust 

identification of the marginal effects of forest degradation, but we illustrated the approach on the 

value of habitat and species protection and water services.  

Beyond supporting the development of estimates for the wealth of nations, spatial information 

constructed on the value of forest ecosystem services in this assessment can support project 

design and evaluation, land use planning, and conservation assessments by the World Bank and 

other international agencies, as well as any similar assessments by government and 

nongovernment agencies in different countries and around the world. So far, ecosystem service 

assessments typically rely on either globally or regionally uniform or near uniform value 

estimates or, alternatively, develop more customized estimates from the current literature. The 

advantage of the new estimates is that they draw information from all forest valuation literature 

and develop estimates that are locally relevant, but globally consistent. As such, we view the 
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estimates developed in this assessment as benchmark data that help with broad scale assessments 

but can and should be further refined using localized studies for evaluations of specific services 

and specific locations.     

As any meta-analysis, this assessment depends on the current literature, including the quality of 

studies and the coverage of the literature geographically and by ecosystem service. Moving 

forward, it would be important to develop a comprehensive approach to strategically conduct 

valuation studies in places that are not covered in the current literature, considering both the 

socioeconomic and biophysical aspects of forests. For example, The World Bank has developed 

a unique global database of more than 1,500 household surveys, which provides the foundation 

for a first-of-its-kind global implementation of a lifetime earnings approach to measure human 

capital. Similar strategies might be considered to improve the accuracy of the current predictions. 

In addition, this report relies heavily on spatial data that could be enhanced by building 

partnership with global initiatives on spatial data. For example, they could produce annual data 

on several potentially relevant determinants of the value of non-wood forest ecosystem services 

that are currently available only in snapshots, not as time series.  
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Appendix 1: Update the metadata analysis by incorporating newly available studies 

A1.1 Identifying potentially relevant studies to update previous database 

The first task in the revision is to summarize currently available literature on non-wood 

ecosystem service valuation. To identify relevant literature, we conducted systematic literature 

searches to find studies potentially relevant to our assessment. A first wave of the review was 

conducted in 2015 by Siikamäki et al. (2015). An update of the literature review was conducted 

in 2019, looking for studies conducted 2015 – 2019. In both stages we followed the same 

criteria: 

1. Focus on non-wood ecosystem service valuation of forests 

2. Provide primary estimates of non-wood forest values (as opposed to direct benefit 

transfer values based on generalizations of primary studies); and 

3. Potentially enable estimation of values expressed in per-unit-area estimates (e.g.: $/ha) 

The above criteria are purposefully general so that the first stage of the literature search unlikely 

excludes any potentially relevant studies. As a consequence, we identify many studies which in 

the end are not applicable for the database. We detect such studies by conducting detailed 

reviews of each study initially identified, as explained below.  

During the literature review update we mainly focused in four non-wood forest ecosystem 

services analyzed by Siikamäki et al. (2015): recreation, habitat and species conservation, non-

wood forest products, and water services. In addition, we paid special attention to the potential to 

extend the analysis in previous report to additional non-wood ecosystem services of forests, like 

pollination, or disaggregation of services bundled in the water services category. 

 

Figure A1.16: Studies found in the different stages of the search and number of values 
extracted  

 

We used multiple sources to help find potentially relevant literature. We began by searching 

through two general ecosystem valuation literature databases: (1) The Economics of Ecosystems 

and Biodiversity (TEEB) and (2) the Environmental Valuation Reference Inventory (EVRI). 

Both databases are publicly available and comprise searchable collections of academic and non-

academic literature on environmental and ecosystem valuation studies. They include information 

on all ecosystems, not just forests. While EVRI is continuously updated, the TEEB database do 

not include studies after 2014.  

659 studies 
identified for 

detailed review

410 studies 
selected to 

extract values 
after main filters

270 values 
extracted from 

164 studies
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In addition, we conducted a systematic search at a general economics database for studies after 

2015, the Research Papers in Economics (RePEc). RePEc is a repository that allows not only 

scanning the main journals in environmental economics, but also other journals less traditional 

for economists, such as Ecosystem Services, or Sustainability, as well as working papers and 

conferences’ proceedings. The search was complemented by a specific search in 

multidisciplinary journals, like Nature (and all the journals in Nature collection), Science (and all 

the journals in Science collection), Proceedings of the National Academy of Sciences (PNAS), 

and PLOS ONE. The inclusion of these journals is in particular relevant for studies after 2015, 

given that ecosystem services’ valuation publications are incipient in these type of journals 

before 2015. 

Furthermore, we review the studies cited in previous literature reviews and meta-analyses of 

ecosystem service valuation literature to help find any forest-related studies not yet included in 

our database.5 In addition, we conducted systematic searches using literature databases such as 

Google Scholar, EconLit and Environment Complete, as well as RFF Library Resources and 

Journal databases. We added all potentially relevant studies not yet included in the database. 

Finally, we used a “snowballing” technique while conducting detailed reviews of studies already 

identified. We checked through the references of each study and added possibly relevant studies 

into our database if not already included. We found this method highly effective in 

supplementing other searches. 

We focused mostly on literature published in English. However, we also identified, reviewed, 

and included some studies in other languages, within the language skill limits of our study team, 

including Danish, French, German, Norwegian, Portuguese, Spanish, and Swedish. The review 

include mainly studies in English, but we also found studies in other languages. We include 

studies in English, Spanish and French. In addition, we found three papers in Russian, Polish, 

and Ukranian (Малашевич and Санкович, 2012; Budziński, 2015; Openko, Shevchenko and 

Tsvyah, 2016). A translation of the abstract of the studies conducted by Малашевич and 

Санкович (2012) and Openko, Shevchenko and Tsvyah (2016) indicated these studies are 

focused on timber production, and hence, not being relevant for the current review. An overview 

of the article by Budziński (2015) shows that the dataset used is the same one than used by the 

author in papers published in journals in English, and hence was treated as a duplicated study. 

Academic peer-reviewed literature, our key focus in the literature searches, offers relatively 

narrow representation of geographic regions and ecosystem services. Therefore, we also 

searched for and included any available grey literature (reports, books, theses, other non-journal 

publications), so long as those studies were deemed relevant and methodologically sound. 

Using the literature searches explained above, we identified 659 studies for more detailed 

reviews (Figure A1.1). However, we were unable to obtain 33 studies, despite efforts to locate 

 
5 These studies include (Ojea et al., 2016), (Barrio and Loureiro, 2010); (Brander, Florax and Vermaat, 

2006); (Chiabai et al., 2010); (Kuik et al., 2009); (Lindhjem, 2007); (Shrestha and Loomis, 2001); 

(Zandersen and Tol, 2009); and (Zandersen and Tol, 2009). 
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them online, using interlibrary loan or direct purchase, and, in some cases, direct contact with the 

study authors. The studies we were unable to access are often grey literature and/or published 

long time ago. They are listed in Appendix  along with all other studies included in the 

assessment. By and large, we were able to obtain any essential and relatively recent publications, 

especially those published in peer-reviewed academic journals. See Appendix  for the list of 

included studies.  

 

A1.2 Study review protocol  

After identifying and obtaining potentially relevant studies, we systematically reviewed them to 

develop a value database. When reviewing and summarizing each study, we conducted multiple 

rounds of reviews. In the first round, we extracted a range of relevant information to characterize 

the study and value estimates in it, including: 

1. Source used to identify the study 

2. Study area ecological characteristics (biome, forest type, inland/coastal, other 

landscapes)  

3. Study location (country, country income group, protection status, study site area, 

scale of research, region continent and coordinates) 

4. Ecosystem service(s) addresses as well as classification as domestic/foreign 

value of service and as direct, indirect and non-use 

5. Ecosystem service value information (year of value, valuation method, valuation 

type reported value, units, value currency) 

6. Other study variables (type of publication, publication year and sample size, if 

applicable) 

Our end goal in this study is to develop estimates of the value of forest ecosystem services on a 

per hectare basis. Therefore, a key task in the first review was to determine whether the study 

reports value estimates on a per unit area basis (per hectare, per acre, per km2, and so forth) or 

includes other information which we would be able to derive such estimates. If any potentially 

relevant value estimates were found from the study, we recorded them in the database. After the 

first review, we identified 410 studies that can potentially feed the dataset (Figure 1). 

We use a value estimate as the unit of observation. However, we did not record every possible 

value estimate from each study because especially journal articles often report many estimates 

addressing the same forest but derived under slightly different assumptions. In those situations, 

we determined a preferred or representative estimate, or averaged the listed estimates, if no 

preferred estimate could be identified. If the methodologies underpinning the different estimates 

were completely different (for example, travel cost methods and contingent valuation), we 

recorded multiple estimates instead choosing a preferred estimate or taking an average. At the 
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end, the final database contains 270 observations regarding values from 164 studies (Figure 

A1.1). 

We included multiple records for studies that report value estimates for different services and/or 

target areas. For such studies, the study area characteristics may also vary by value estimate. To 

address such situations, we also recorded the location (latitude, longitude) of each value estimate. 

If a study shows multiple values that can be of interest to be record, but we can only identify one 

geographical, location for the study (e.g. has separate values for conservation of primary and 

secondary forest within the same park), we aggregated the values and included only one record 

in the dataset.  

Many studies lack information necessary to develop value estimates on a per unit area basis. In 

such situations, we turned to external sources to search for supplemental data. Typically, these 

efforts included retrieving data on variables such as study area size (when not mentioned in the 

study), study area location (coordinates), number of households or population addressed by value 

estimate (in order to calculate aggregate values); and ecological characteristics of study area 

(type of forest, biome).  

We used mostly online searches to find external data. However, we also used other approaches 

when online sources failed to provide the information needed. For example, in one case we 

contacted state park officials in Washington State (USA) to find out which state park areas 

permit the collection of non-wood forest products such as berries and mushroom. Using a hard 

copy map mailed to us, we estimated the forest area applicable to a value estimate found in a 

study. In other cases, we contacted 20 study authors to request additional information that can 

help to include the study in the database. In many cases, the studies are conducted in small 

locations where the total number of households are not available online, or the total study area is 

not explicitly, not allowing to compute a value per hectare. By contacting the study authors 

directly, and with their help, we avoided excluding several studies.  

 

A1.3 Determining the applicability of value estimates for this assessment 

Many of the studies originally identified in the literature search, in the end, are not applicable for 

this assessment. We recorded the primary reason for exclusion for each excluded study (Figure 

A1.2). In total, we excluded 246 studies (60%) out of the 410 studies originally identified to be 

potentially included in the analysis. The leading reason for exclusion was studies including 

methodological limitations. We reviewed the methodological approach taken by each study to 

ensure that values included in the database are derived using conceptually defensible approaches. 

When we identified methodological approaches inconsistent with the principles of ecosystem 

service valuation, we excluded the study. This criterion applied to 78 studies (32% of all 

excluded studies). When examining the methodological approach applied in each study, we 

primarily considered the suitability of the basic conceptual framework for the valuation of forest 

ecosystem services, not our subjective evaluation of the quality of the assessment. For example, 
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certain methodological approaches, such as the travel cost or stated preference methods, are 

applicable to the valuation of specific services (e.g., recreation, habitat/species protection). 

Therefore, we included all studies which applied such methods using appropriate data and 

samples to develop findings usable for this study.    

 

Figure A1.17: Primary reason for the exclusion of studies 

 
 

As an example of methodological considerations, when the study used survey-based approaches, 

we reviewed the survey methodology to evaluate its sample representativeness (e.g., households 

in a region, or recreational users of a forest area) and general suitability to generate a 

representative estimate of the value estimated. When sample representativeness was clearly not 

achieved, due to, for example, convenience sampling (e.g., surveying park visitors or members 

of environmental organizations and then directly generalizing the results to the general 

population), we excluded the study. Another illustrative and a relatively frequent case of 

methodological limitations includes studies to estimate local economic impacts of forests, such 

as employment associated with recreation activities or magnitude of expenditures by visitors to a 

park. These estimates can be informative, but generally do not represent conceptually accurate 

measures of the economic value of ecosystem services. Therefore, we excluded them from the 

database. Other examples of studies excluded because of this reason are studies that asked 

farmers for the willingness to accept payments for conservation, the analysis of the opportunity 

cost of non-forest land use to convert land to forest (not estimating the benefits from forests, but 

the opportunity cost of an alternative activity), or stated-preferences method studies with poorly 

described scenarios. 
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This category also includes other specific cases. For example, a few value estimates in the 

database address global areas (for example, all global tropical forests). Some other values 

concern large and discontinuous forest areas. When it was not possible to accurately determine 

the location of the study area, we excluded the corresponding value from the statistical analysis 

because no local spatial data could be developed for such estimates.  

The second most prevalent reason for exclusion is valuation studies for which there were not 

sufficient information to convert to per unit area values, and those focused on non-applicable 

ecological endpoint, each of them showing 44 studies excluded, representing 18% of the total 

number of excluded studies. We excluded studies for which we were unable to develop value 

estimates on a per hectare basis, even after sometimes extensive efforts to draw from external 

data to complement data provided in the study. 

In addition, we excluded studies that address values for ecological endpoints outside the scope of 

this assessment (non-wood benefits), such as timber or wood fuel or carbon sequestration. Non-

applicable ecological endpoints also include studies, which estimate aggregate wood and non-

wood benefits without sufficient information to help separate out the non-wood portion of the 

benefits. Similarly, if the study explicitly addressed carbon and non-carbon value without 

separating them from one another, we excluded the estimate.  

Initial summaries of the value database, in combination with insights gathered throughout the 

detailed study reviews, suggested that several types of ecosystem service valuation studies, such 

as those addressing recreation, hunting, fishing, non-wood forest products, or habitat and species 

protection, are exceedingly comparable in objectives, methods, settings, and value estimates. 

However, some other ecosystem service valuation studies, especially those addressing seldom 

studied endpoints such as nutrient recycling or bioprospecting, entail so many idiosyncrasies in 

objectives, methods, data, and estimates that meaningful comparisons across different studies are 

difficult. In addition, there are only few value estimates in these categories so statistical analyses 

are not meaningful. Similar is the case regarding pollination services and natural related (non-

hydrological) disasters’ control. Therefore, we exclude from the meta-regression all value 

estimates addressing nutrient cycling, bioprospecting, pollination, and non-hydrological natural 

related disasters control. These studies are included in the category ecological endpoints outside 

the scope of this assessment (non-wood benefits). 

Additionally, this category includes some non-wood forest product value estimates comprised 

partly of fuel wood values. Initially, we included those estimates in the database and considered 

using statistical controls in the meta-regression to help isolate the non-wood portion of the value 

estimate. However, statistical controls may help only partially disentangle non-wood and wood 

values. Because wood fuel is out of scope for this assessment, we dropped from the meta-

analysis all non-wood forest product value estimates with a potential wood component. 

Our original literature database has studies that address mostly a non-forest ecosystem, such as 

savannah or agricultural landscape mosaics. We excluded such studies as not representative of 
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forests in general. This reasons for exclusion was recorded for 32 excluded studies (13% of all 

studies excluded).  

The group of studies excluded because of ‘lack of value estimates’ includes studies that initially 

were identified as potential studies but neither provided value estimates nor contained 

information to help us develop them. Examples of such studies include mostly theoretical journal 

articles which do not develop empirical estimates, or studies conducting descriptive of 

qualitative analysis. This criterion applied to 26 studies (10.6% of all the excluded studies). 

Finally, we also exclude studies that show duplicates of value estimates or studies already 

included in the database. This criterion also applies to 22 studies, representing 9% of all recorded 

reasons for exclusions. When identifying duplicate studies, we did not only consider literal 

replicate studies (e.g., a discussion paper version of a later journal article). Instead, we also 

identified studies which use the same data to estimate essentially the same environmental values, 

with slight methodological differences between different the publications. This is not unusual; 

especially studies which focus on making distinct methodological contributions are often 

accompanied by other publications that focus on the general findings and/or provide estimates to 

support policy assessments. When we identified such studies, we included the version which in 

our view is most applicable for the purposes of this study and excluded other publications 

representing the same study/data. Another relatively common occurrence involves graduate 

dissertations, which may be identified in our initial database both as a thesis and a later academic 

journal publication. In those cases, we generally included estimates from the peer-reviewed 

journal publications and excluded the thesis.  

Figure A1.3 summarizes the number of studies and value estimates in the database by the source 

we originally used to find the study. In total, the value database includes 270 value estimates 

developed from 164 studies. Among different sources, previous literature reviews and meta-

analyses are most frequent. They account for 40 studies (24% of all studies) and 63 value 

estimates (23% of all value estimates). Snowballing—searching the reference lists of studies 

already reviewed—is the second most frequent method to find relevant studies. Although we 

used snowballing as the final method to supplement an already sizable literature database, 

snowballing produced 36 new studies (22% of all) and 56 new value estimates (21%) into the 

database. EVRI and TEEB helped identify 30 (18%) and 31 (19.5%) of the studies and 68 (25%) 

and 49 (18%) value estimates, respectively. RePEc worked as a good complement, adding 15 

(9%) studies and 21 (7.8%) values to the database. Many of the studies found in RePEC were 

already found in EVRI, and because of that, here are only recorded in the EVRI database.  
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Figure A1.18: Nº of studies and values per data source included in the final database 

 

Note: Only one data source by study and value is recorded, showing the first data source in which a study appear. A 

study can show up in more than one data source. 

 

A1.4 Value estimates by ecosystem services and estimation method 

When recording the type of ecosystem service, we initially used a fine-grained classification, 

including cultural/existence value; erosion control; fishing; flood protection; habitat/species 

protection; hunting; landscape aesthetics; non-wood forest products; recreation; and various 

types of water related services such as water quality or water quantity. We later aggregate these 

classifications into fewer but still meaningful aggregate categories, to help structure the 

empirical analysis with categories of non-wood forest ecosystem services that allow to have a 

significant number of observations per service. The ecosystem services were aggregated into 

four main categories representative of the literature:  

1) recreation, hunting, and fishing (denoted as “recreation” in most of this report), 

2) habitat/species protection, 

3) non-wood forest products, and  

4) water services.  

Figure A1.4 shows the number of values per ecosystem service category and sub-category, found 

during the first and the second wave of literature review. Recreation includes value estimates 

addressing recreation, hunting, and fishing. The estimation dataset includes 113 recreation-

related value estimates. The literature review update increased 30 percent the values related to 
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purely to recreational values, and almost doubled the number of studies regarding hunting 

activities. Value estimates regarding fishing recreational activities reminded the same. 

Habitat/species protection includes values classified as habitat/species protection, 

cultural/existence values, or landscape aesthetics. There are 76 value estimates in this category in 

the estimation dataset. The literature survey update increased the number of value estimates 

regarding purely habitat and species protection 38 percent and triple the number of value 

estimates regarding landscape aesthetics.  

 

Figure A1.19: Nº of values by ecosystem services in the old report and the new search 

 
 

Values addressing non-wood forest products include 49 estimates in the estimation dataset. The 

number of studies regarding non-wood forest products increased 53 percent after the literature 

review. This is a significant increase, given the small number of studies in this area founded 

during the first wave of review. Values classified as “water services” come from studies, which 

address benefits from forests on water quality / water quantity, often in the context of controlling 

water flow and pollution from erosion and other sources, enabling hydropower, avoiding 

disasters, or the impact on crop yields by controlling weather.  There are 32 value estimates for 

water services in the estimation dataset, having the number of value estimates being doubled 

regarding the first wave of review. As in the case of non-wood forest products, this is a 

significant increase, give the small number of studies found during the first round of review. 

In addition to the studies included in the analysis, we searched for studies valuing additional 

ecosystem services. We found a study that estimates the effect of forest cover on crop yields by 
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controlling rainfall in the Amazon region (Strand et al., 2018). This study was included in the 

database and aggregated within the category ‘water services’. We found only one study on the 

pollination ecosystem service by forest that fills the criteria to be included in the database: 

Tibesigwa et al. (2019). Because we did not have enough additional studies regarding pollination 

services, we excluded this study from the database.  

Figure A1.5 shows the valuation methods used by the studies review per ecosystem service and 

wave of literature review. The valuation methods mostly used for habitat/species conservation 

are stated preferences methods, like choice experiments and contingent valuation method. 

However, there is an increase of the percentage of studies using choice experiments in the new 

review. We can see the same phenomena regarding recreation and water services. This is in line 

with the increasing popularity of this method between researchers given its advantage to 

disentangle the value of specific attributes of an environmental good or service.  

 

Figure A1.20: Valuation method by ecosystem service and report (% per report and 
service) 

 

 

Differences between the valuation studies in the above four categories are so substantial that 

their further aggregation is not justified. Moreover, the number of studies in each above four 

categories enables separate statistical assessments, in particular for recreation and habitat/species 

protection, which have 115 and 77 value estimates, respectively. The number of value estimates 

for NWFPs (49) and water services (32) is more limited but regardless, enables further analyses 

as a separate benefit category.  
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A1.5 Geographical distribution of values by ecosystem service  

Figure A1.21 shows the geographical distribution of the values on forest ecosystem by country 

and continent. Figure A1. shows a map of the value sites in previous report and the new data. 

The greatest number of value estimates comes from Europe, which has a total of 118 estimates 

(43.7% of all value estimates in the dataset). Within Europe, Spain is the country with more 

value estimates (27 value estimates, 10% of all value estimates), followed by United Kingdom 

and Germany (15, 5.5%), and Finland and Sweden (12 and 11 value estimates, respectively, 

5.5%). This indicates a broad representative of every sub-region within Europe.  

Americas has the second highest number of estimates in the dataset, including 78 estimates or 

28.9% of global total. Within America, 35 estimates belong to United States, 11 to Canada, and 3 

to Mexico, showing a dominance of North America within the continent. South America has in 

total 15 value estimates, from which 9 are conducted in Brazil. There are in total 12 value 

estimates from Central America and the Caribbean sub-region, from which 8 belong to Costa 

Rica.  

Asia is the continent with the third highest number of value estimates. It has a total of 40 

estimates (14.4% of global total). Within Asia, Malaysia is the country showing higher frequency 

in the number of study values (11, 4% of the global total), followed by India (6, 2.2%), Lao PDR 

and Indonesia (4, 1.5% respectively). This indicates a dominance of South-East and South Asia 

within the value estimates in the continent. However, there are studies from Iran, China, and 

Israel, showing a broad coverage of the continent.  

The continents with the least number of value estimates are Africa (21 estimates, 7.8% of the 

global dataset) and Oceania (14 estimates, 5.2%). Within Africa, most value estimates address 

Eastern Africa, mostly from Madagascar (6 value estimated), Uganda (2), and Kenya (2). Middle 

Africa has 4 estimates that belong to Cameroon; Southern Africa has one value estimate in South 

Africa; and Western Africa has none. Within Oceania, most value estimates come from Australia 

(11 estimates, 78.6% of all estimates in Oceania); the rest are from Samoa (2 estimates; 14.7% of 

all estimates from Oceania), and Vanuatu (1 estimate). 

Figure A1.7 shows the geographical distribution of the studies by ecosystem service in the first 

and second wave of literature revision. Most of the studies value on habitat and species 

protection and recreation services are located in Europe. However, there are many value sites 

reviewed during the second wave in regions that were not covered before. We found nineteen 

additional values for non-wood forest products, increasing the total number of studies for this 

service 63%. However, seventeen of the nineteen values are in Spain (Górriz-Mifsud et al., 2016; 

de Frutos et al., 2019; Marini Govigli, Górriz-Mifsud and Varela, 2019), and the remaining two 

values are in the Amazon area in Brazil (Strand et al., 2018). The number of new studies is not 

high, but there are few studies in Spain estimating values for many different areas were non-

wood forest products are collected. In addition, the number of values for water services doubled 

in reference to the original database. That helps to increase the geographical cover, by adding 

estimation values in South-East Asia, Australia, and several locations in the Americas.  
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Figure A1.21: Nº of studies per country and continent 
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Figure A1.7: Map of value sites (previous report and new data) 

 

Note: own elaboration based on values review, forest biomes from Global Forest Watch, and country boundaries from The World 

Bank data bank. 
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Figure A1.22: Map of studies location by ecosystem service 
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A1.6 Summary of value estimates  

Figure A1.9Figure A1.23:  shows the value estimates in the previous report and the new search 

using box-whisker plots by ecosystem service, biome, continent, and country income group (PPP 

USD 2013).6 PPP-adjusted exchanges rates make estimates from different countries comparable 

as economic values. In the figures, the ends of “whiskers” denote the minimum and maximum of 

estimates; the box in the middle ranges from the 25th to 75th percentile of the estimates, and the 

line within the box shows the median. 

The range of values is high, both within and between different ecosystem services (Figure A1.9, 

top-left). There is large overlap between the values of the different ecosystem services in the 

previous report and in the new search. However, the median value in the new search is slightly 

higher for every ecosystem service except for NTFP. Differences in the median values by biome 

between the new search and the previous report look to be only significant for boreal forest 

(Figure A1.9, top-right). There is only one new study in the boreal forest, and it value is 

overlapped with the box of the values for the original report.  

When looking at the values by continent (Figure A1.9, bottom-left), we can see that the median 

value for America and Africa are higher in the new search than in the previous report. In 

addition, the distribution of the values per continent are highly overlapped between the original 

report and the new search. When classifying the values by the income classification by The 

World Bank (Figure A1.9, bottom-right), the distribution of values is highly overlapped between 

the original report and the new search. 

 
6 To convert current Local Currency Units (LCU) to constant PPP USD 2013, we first computed values in LCU 2013 
constant prices using the Gross Domestic Product (GDP) deflator. Then, the values were converted into PPP 
(Purchase Power Parity) USD 2013 using PPP-conversion factor (LCU per international $). When the values in the 
study were not in LCU, they were first converted to LCU using the exchange rate of the currency year. GDP deflator, 
PPP conversion rates, and exchange rates were extracted from the World Development Indicators database from 
The World Bank World.  
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Figure A1.23: Value estimates by ecosystem service (top-left), biome (top-right), continent (bottom left), and income group 
(bottom right)    
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Appendix 3: Study review quality control/quality assurance protocol 

We implemented several steps of quality assurance/quality control (QA/QC) to help develop 

robust and consistent summaries of studies included in the database. One of the primary QA/QC 

protocols involved a duplicate review of each study by another reviewer. The second reviewer 

evaluated and confirmed information developed and recorded in the first review. When 

discrepancies appeared, they were resolved in a discussion among the two reviewers, typically 

with assistance from the PI (Siikamäki). 

In addition, each reviewer noted any missing details or questions relevant in the context of each 

study. The reviewers also recorded the method to develop each value estimate, including details 

on any calculations and external data required.  

During the first wave of reviews in 2015, the group of researchers developing the database (three 

research assistants and the PI during the first wave in 2015) met at least twice a week, each time 

typically for several hours, to review and examine studies and to discuss any complications or 

open questions. The purpose of the group meetings was to maximize consistency of different 

reviews and enable learning within the group. In addition to the meetings, each study review and 

value estimate was discussed, reviewed, and potentially revised jointly by the reviewer and PI. 

The update of studies in 2019 was done by one researcher with frequent meeting with the PI to 

discuss discrepancies. 

Finally, at the conclusion of the literature reviews and database development, the value database 

and all variables constructed to support the analysis were once more reviewed and finalized in 

collaboration between the PI and the research assistant primarily responsible for a specific 

study/value. This helps ensure that all the study characteristics in the database are consistently 

and comprehensively developed and recorded.   

 

Appendix 4: Currency conversion 

Determining the year of value estimates 

Information on the currency and currency year of the value estimate enables the use of deflators 

to develop comparable estimates from multiple study years and countries across the world. When 

recording the year of valuation, we searched for the currency year of value estimate from the 

publication. If the year was not listed, we searched for information on the year of data collection 

and used it for the year of currency.  

If neither approach yielded the year, we approximated when the publication was prepared. 

However, we did not necessarily use the year of publication for the year of value. Instead, we 

looked for, for example, the year of initial submission which is often listed for journal articles. 

Using the initial submission date and assuming a typical lag between data collection and 

manuscript preparation, we listed the year of currency as the year of the submission or the year 

before the submission. If the initial submission of a journal article was during the first 6 months 
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of the year (e.g., February 2001), and the study listed no information on the year of the currency, 

then we recorded the year before as the currency year (2000). But for studies submitted in the 

last 6 months of the calendar year, we recorded the calendar year of the submission as the 

currency year. Note that these imputations are necessary only for studies which list no 

information to more precisely determine the year of the currency (not a common occurrence).  

 

Conversion of values into international dollars  

For the statistical analysis we use the year 2013 PPP adjusted USD, often referred to as 

“international dollar”, for the common denomination of value estimates. The global prediction 

values are reported in current USD.  

The original value estimates come from many years and in many currencies. When the original 

value estimate is in LCU, we first used a local GDP deflator to express the value in the year 2013 

LCU. This value was then converted to international dollar by using purchasing power parity 

(PPP) conversion.7 PPP adjusted exchanges rates make estimates from different countries 

comparable as economic values.8 

Several studies address values in LCU but use USD in reporting the results. However, these 

estimates are typically not PPP-adjusted but use a conversion based on currency exchange rate. 

To ensure consistent use of PPP adjusted estimates, we first converted any original, non-US 

estimates expressed in USD, back into LCU, using either the exchange rate reported in the 

publication or, in its absence, the reported exchange rate for the year of value estimates. The 

currency conversion was then conducted similarly as for value originally listed in LCU.  

Finally, PPP conversion factors are not available for a few countries. For them, we first deflated 

the value into 2013 using a local GDP deflator and then adjusted the 2013 LCU value into 

international dollars using a regionally averaged PPP conversion factor (using UN sub-regions as 

regions).  

 

Conversion into value per hectare per year 

We convert all value estimates into international dollars per hectare per year ($2013). When the 

original value estimates were expressed in other units, we converted them into per hectare per 

year values. For example, if the original value estimate addressed recreational benefits in a 

specific area of forest, expressed on value per visit basis, we used information on the number of 

 
7 We use GDP and PPP information from the World Bank (World Development Indicators, 

http://databank.worldbank.org). 
8 For example, consider an original estimate 13.54 in Peruvian sols in 2008. The GDP deflator value is 225 

in 2012 and 171 in 2008, so we convert the value into 2012 LCU as 13.54sols*225/171=17.81 sols. The 

PPP adjusted exchange rate is 1 international $ = 1.89 sols. The final value estimate is, therefore, 17.81 

sols/1.89 = 9.43 international dollars (2012).  
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annual visitors to estimate total annual benefits from the forest. Then, we used the total forest 

area to estimate recreation benefits per year per hectare.  

Some studies list value estimates in net present value (NPV). If the study listed the discount rate 

and the time horizon used in the NPV calculation, we converted it to annual value using the 

following relationship:  

Annual value  
𝑁𝑃𝑉

𝐴𝑡,𝑟
, where 𝐴𝑡,𝑟 =  

1 − (
1

1 + 𝑟)
𝑡

𝑟
 

When the original value was listed in NPV but no information was given on the applicable 

discount rate and time horizon, we used the World Bank wealth assessment assumptions (4% 

discount rate, 25-year time horizon) to convert the value into annual terms. There are very few 

cases for which this was necessary. 

 

World grid data and conversion factors 

Most of the underlying data to predict the value of non-wood forest ecosystem services is 

produced globally processing GIS data. We also include country statistics, like Gross National 

Income (GNI). Sometimes, the GNI is not available for some countries from the main data 

source used in this study, the World Bank World Development Indicators (The World Bank, 

2020). This is the case, for example, of North Korea, Croatia, or Taiwan. When this is the case, 

we used alternative data sources, like the United Nations National Accounts Main Aggregates 

Database (United Nations, 2020), or statistics from National Statistics bureaus.  

To predict annual values at current USD, we first compiled GNI time series in local currency for 

1995 – 2018. We converted it to 2013 USD PPP international dollars using the proceeding 

described below. Using this data, we predicted annual values for every year in 2013 USD PPP 

international dollars. To convert this values to annual current dollars we first convert them to 

2013 LCU using the 2013 country PPP conversion factor. When the 2013 PPP conversion factor 

was not available, as for example, was the case for North Korea and Cuba, we used the 2011 PPP 

conversion factor as a proxy. 2011 is the base year for the PPP conversion factor, and available 

for almost every country. The time series of PPP conversion factors produced by The World 

Bank are extrapolations of the 2011 data using price index adjustments. Second, we converted 

the 2013 LCU into the annual current USD using the average exchange rate for the current year. 

Exchange rate data was obtained from The World Bank World Development Indicators (The 

World Bank, 2020). This is the methodology used by The World Bank to convert LCU into 

constant US dollars.9 

 

 
9https://datahelpdesk.worldbank.org/knowledgebase/articles/114943-what-is-your-constant-u-s-dollar-
methodology 

https://datahelpdesk.worldbank.org/knowledgebase/articles/114943-what-is-your-constant-u-s-dollar-methodology
https://datahelpdesk.worldbank.org/knowledgebase/articles/114943-what-is-your-constant-u-s-dollar-methodology
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Appendix 5: Statistical methods 

A5.1 General approach 
As explained in the main body of this report, this study uses two statistical approaches to predict 

the value of non-wood forest ecosystem services globally: i. meta-regression and ii. machine 

learning. Regression analysis and machine learning methods show tradeoffs between flexibility 

and interpretability (Figure A5.1 

Figure A5. 1). A method is considered less flexible, or more restrictive, in the sense that they 

can produce just a relatively small range of shapes to estimate f (James et al., 2016). For 

example, linear regression is a relatively inflexible approach, because it can only generate linear 

functions. Machine learning methods, including random forest and boosting, are considerably 

more flexible because they can generate a much wider range of possible shapes to estimate f. 

 

Figure A5. 1: Tradeoff between flexibility and interpretability using different statistical 

methods  

Note: Green ellipse show regression analysis and red ellipse show machine learning methods used in this report. 

Source: Own elaboration based in (James et al., 2016). 

 

We estimate models using both more restrictive linear regression models and machine learning 

algorithms because of two reasons. First, we want to understand the relationship between the 

explanatory variables and the dependent variable and be sure that their behavior is consistent 
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with economic theory. The results of this analysis are going to be used to feed global estimates of 

The World Bank Wealth of Nations Report, and hence, we need to be sure that the relationship 

guiding the predictions are meaningful. Second, predictions that are more accurate are often 

obtained using a less flexible method, because of the potential for overfitting in highly flexible 

methods (James et al., 2016). Overfitting essentially means that a model follows the errors, or 

noise, too closely, perfectly fitting the observed data. That is, the statistical learning procedure is 

working too hard to find patterns in the estimation dataset, that can be picking up some patterns 

that are just caused by random chance rather than by true properties of the unknown function f.  

Figure A5.2 shows the result of a three-region decision tree to analyze the relationship between 

forest area and forest value per hectare using hypothetical data. Decision trees allocates each 

observation to a region based on their features. The predicted value for the forest value per 

hectare of an observation in Region 3 is �̂�𝑋𝑀𝐿. That is, the decision tree splits the data based on 

the value of the independent variables and allocate them to a specific region. Then, each 

observation (blue dot) in each region prediction is equal to the mean value of the dependent 

variable value in of all the observations in the region.  

 

Figure A5. 2: Example comparing linear regression and a three-region partition for 

prediction the value/ha/year regarding forest area 

 

 

 

 



 

141 

 

To compare the performance of the different models we used leave-one-study-out cross-

validation (CV). This approach involves splitting the set of observations in two parts. First, we 

remove all the values belonging to a single study from the estimation dataset, and we fit the 

model again with the remaining observations. Second, we used the model to predict the values of 

the observations removed, and we compute the mean square error for them. The mean square 

error for each study k = 1….K is defined as:  

 

Equation (A2) 𝑀𝑆𝐸𝑘 =
1

𝑍
∑ (𝑦𝑘𝑧 − �̂�𝑘𝑧)2𝑧

𝑧=1  

where z = 1 … Z are the value estimates belonging to study k. This procedure is repeated for each 

of the k studies in the sample. The CV estimate is the average of these K error estimates: 

 

Equation (A3) 𝐶𝑉(𝐾) =
1

𝑘
∑ 𝑀𝑆𝐸𝑖

𝐾
𝑘=1  

 

The Root mean square error is computed as: 

 

Equation (A4) 𝑅𝑀𝑆𝐸 = √𝐶𝑉(𝑘) 

 

Our approach is slightly different from traditional Leave-one-observation-out Cross-validation 

(LOOCV), where K equals the number of observations in the estimation dataset. Here, we leave 

all the observations belonging to the same study out at the same time. That is, if there are five 

values belonging to the same study, we remove five observations, while if there is only one value 

of a specific study, we remove only one observation. The advantage of this approach is that it 

allows to check the sensibility of the results to a specific study.  

 

A5.2 Meta-regression analysis 

The meta-regression analysis assumes that the relationship between the dependent variables and 

the determinants is linear (or a non-monotonous transformation of the variables is linear), as 

show in Equation (A5): 

 

Equation (A5) 𝑙𝑛𝑦𝑖 = 𝛼 + 𝛽𝑋𝑖 + 𝜀𝑖 

 

where 𝑙𝑛𝑦𝑖 is the natural logarithm of the value estimate of ecosystem services (dollars per 

hectare) identified from the literature, 𝛼 is a constant, Xi is a vector of J (indexed by j=1,2,…, J) 
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independent variables to characterize the study and study area, 𝛽 is a vector of J coefficients 

estimated on independent variables X, and 𝜀𝑖 is a random error term. The error term is assumed 

to be clustered by study, allowing correlation in the error of observations belonging to the same 

study.  

In our study, we depart from the conventional logarithmic transformation of the dependent 

variable. Error! Reference source not found. in the main body of the report lists the variables 

considered as potential determinants of the value of ecosystem service. We explore two potential 

functional forms between the dependent and the independent variables: log-log and log-level. In 

the log-log models all the independent variables were transformed using a natural logarithm 

transformation, except variables in percentages and indexes. In the log-level model, all the right-

hand side variables enter the model in levels. All the models are estimated using a weighted 

estimation approach, as described in the main body of the report.  

 

A5.3 Machine learning algorithms 

We followed two strategies using Machine Learning methods for each ecosystem service. First, 

we adjust random forest models for each ecosystem service, tuning the main parameters and 

selecting the most important variables. The second strategy is based on the automatized model 

selection (AML) using h2o (LeDell et al., 2019). All the computation coding was done in the 

statistical programming language R (R Core Team, 2019). However, some computations were 

done using Java (used by h2o platform) to build predictive models for forest wealth based on 

several machine learning methods. The next section describes the random forest model to 

construct a machine learning predictor. The last section describes the AML model. 

 

A5.3.1 Random forest models 

Random forest (RF) is an ensemble learning method, built on randomized trees (Breiman, 2001), 

incorporating two sources of randomness in the tree: random bootstrap samples and random 

variable selection. First, many samples with replacement are obtained from the estimation dataset 

(bootstrap samples) and a tree model is built for each random sample. The second source of 

randomness consists of randomly select predictor variables to use in each node partition. Next, 

we explain formally the tree models. Later, we explain how random forest models build on tree 

models to include the two sources of randomness. 

 

A5.3.1.1 Tree model 

The individual models to build a RF are classification or regression trees (CART), depending on 

the case (Breiman et al., 1984). The CART decision tree is a binary recursive partition with axis-

parallel splits which is able to continuous and nominal attributes as targets and predictors. Figure 
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AV.2 above shows and example of a three-region partition for the value of forest per hectare. 

These kinds of trees use only one variable in each split and then define hyperplanes that are 

orthogonal to the axis.  

Let Y denote the numeric response variable and X a p dimensional random vector which might 

contains discrete and continuous random variables. Furthermore let 𝑑𝑖 = {𝒙𝒊, 𝑦𝑖}𝑖=1
𝑛 , where 𝒙𝒊 is 

a p-dimensional column vector of explanatory variables with 𝑖 = 1, … 𝑛,  and 𝑦𝑖 ∈ ℜ  is the 

numeric response variable.  

The goal is to model the conditional expectation of the response as a function of the predictor 

variables (as shown in general terms in Equation (A1). Equation (A6) shows the structure of the 

conditional expectation function defined by a CART model:  

Equation (A6)  𝐸(𝑌|𝑋 = 𝑥) = ℎ(𝑥) = ∑ 𝑐𝑠𝐼𝑅𝑠
(𝑥)𝑆

𝑠=1  

where 𝑅𝑠 represents a partition in the feature space (i.e. 𝑅 =∪𝑖=1
𝑆 𝑅𝑖 𝑎𝑛𝑑 𝑅𝑠 ∩ 𝑅𝑖 = ∅), while 

𝐼𝑅𝑠
(𝑥) = 1 when 𝑥 ∈ 𝑅𝑠 and 0 otherwise.  

Based on the estimation dataset, 𝑑𝑛, a partition of the feature space, 𝑅𝑠, and coeficients 𝑐𝑠 need 

to be estimated. The partition is obtain using a recursive partition algorithm.10 The predicted 

value, 𝑐𝑠 are computed as:  

 

Equation (A7)  𝑐𝑠 =
1

#𝑅𝑠
∑ 𝑦𝑖𝑖/𝑥𝑖∈𝑅𝑠

 

When 𝑥 ∈ 𝑅𝑠, the predicted value for Y is 𝑐𝑠, as regions are mutually exclusive. A a CART 

model only produces a finite set of predicted different values. 

 

A5.3.1.2 Forest model 

Random forests then combine randomized trees predictors where each tree depends on the values 

of a random vector sampled independently and with the same distribution for all trees in the 

forest:  

 

Equation (A8)  𝐸(𝑌|𝑋 = 𝑥) = 𝑓(𝑥) = 𝐸(ℎ(𝒙, Θ)) 

 

where ℎ(𝒙, Θ) represents a randomized CART model. This consists of a tree model as described 

in the previous subsection but with some modifications in the tree construction. First, the model 

is not regularized as is usually done for CART. CART models use rules to avoid model 

overfitting, not allowing nodes with very low number of observations. RF does not use these 

 
10 We do not show the algorithm here. See (James et al., 2016) for a detail description of tree models. 
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kinds of rules in every individual tree. Second, each node partition is done only with m randomly 

selected subset of predictors, instead of using all p available explanatory variables, in regression 

problems. The default value is to set 𝑚 ≈ 𝑝/3,  which has shown good overall performance 

(Genuer, Poggi and Tuleau, 2008). Finally, the observation used in the individual tree 

construction constitutes a random sample with replacement from the original estimation dataset 

(bootstrap sample). The random vector Θ incorporates two sources of randomness in the tree: 

random variable selection in each node partition and random samples of cases. 

In our case, the formal definition of the forest model described above is not useful in practice 

since there is only one training data set available. We obtained the actual predictive model 

creating B bootstrap samples of the data 𝑑𝑛, and growing a tree with each bootstrap sample. This 

process ends up with a collection of randomized regression trees {ℎ(𝒙, θ𝒌), 𝑘 = 1, … , 𝐵}, where 

θ𝒌 contains information about which variables were selected in each partition and which cases 

were selected in the bootstrap sample. Equation (A9) shows how to construct the Random Forest 

predictor, as the average of the randomized trees ℎ(𝒙, θ𝒌): 

Equation (A9)  𝑓(𝑥) =
1

𝐵
∑ ℎ(𝒙, θ𝑘)𝑘  

The algorithm for Random Forest construction algorithm can be described in three steps: 

1. Take B bootstrap samples from d𝑛 

2. Grow a randomized tree (ℎ(𝒙, θ𝑘)), in each bootstrap sample. 

3. Compute predictor as in equation (A9) 

Figure 7 in the main body of the report illustrates the random forest construction algorithm. From 

the estimation dataset, several samples are obtained with replacement, and a tree model is grown 

in each bootstrap sample. Finally fitted values are computed by averaging the individual model 

predictions. As most non-parametric methods, random forest ML has some tuning parameters 

that need to be optimized to improve its predictive performance. Tuning parameters include the 

number of decision trees in the forest and the number of features considered by each tree when 

splitting a node. The forest model is not too sensitive to the number of trees. Thea default value 

is B = 10p for regression problems. The proposed default values for the number of trees (B) in 

the forest and the number of variables used in each split (m) are known to be rules with good 

performance properties across different applications (Genuer, Poggi and Tuleau, 2008; Genuer, 

Poggi and Tuleau-Malot, 2010). 

 

Predictor importance measure 

Random forest ML allows for the construction of several in model measures of interpretability 

that are internally computed at the same time the forest is built. Every time a predictor variable is 

used to divide the data set into two subsets, the model produces a reduction of the response 

variable heterogeneity. The heterogeneity reduction at split t by predictor s could be 

characterized as: 
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Equation (A10) Δ𝑡,𝑠 = 𝑆𝐸𝑑 − (𝑎1𝑆𝐸𝑑1 + 𝑎2𝑆𝐸𝑑2) 

where 𝑆𝐸 is the squared error, d is the full dataset, and d1, and d2 are subsets of d dived based on 

𝑥𝑠. Then, the importance of one particular predictor could be assessed considering the total 

heterogeneity reduction produced by that variable, i.e. 𝑉𝐼𝑠 = ∑ Δ𝑡, 𝑠𝑡 .  Equation (A11) shows a 

scaled version of 𝑉𝐼𝑠, as the ratio of the importance of predictor 𝑥𝑆 over the importance measure 

for the most important predictor: 

Equation (A11) 𝑠𝑉𝐼𝑠 =
𝑉𝐼𝑠

max
𝑗𝜖1:𝑝

{𝑉𝐼𝑠}
 

The main advantage of 𝑠𝑉𝐼𝑠 is to facilitate the comparison across different models and setting 

threshold values for the variable selection process. For instance, a selection rule could be defined 

to retain all predictors with 𝑠𝑉𝐼𝑠< 0.5 in the model, choosing the variables that are at least 

produce 50% of the heterogeneity reduction with respect to the most important predictor. 

 

A5.3.2 Automated machine learning (AML) 

Automated Machine Learning (AML) is the process of setting an automatic workflow to 

construct a machine learning model. Different stages could be automatized, at least partially, as 

the data preprocessing, predictor construction and selection, model selection and tuning. The 

open-source platform h2o contains an autoML (H2O.ai, 2017) algorithm that performs an 

automatic model training and comparison across a fixed set of models to obtain the most 

appropriate for each problem. 

The idea of AML is to simplify the model selection process reducing the number of parameters 

defined by the user. The main advantage of AML is that it simplifies the model selection process 

reducing the number of parameters defined by the user. It helps to set a benchmark to test other 

methods, given that AML selects the model with better performance. However, there are some 

important drawbacks to these types of strategies. First, usually results in black-box type 

procedures, which are hard to interpret. Secondly, some stages in the modeling workflow are 

really hard to automatize (i.e., feature engendering). However, it provides a good benchmark to 

test other methods. This is important to end up with a machine learning model that is close to the 

best that can be done with the data available. 

AML is a wrapper function in h2o environment that includes automatic training and tuning of 

many models in a specific time frame specified by the user or also specifying the number of total 

models trained. A simplified description of the model search steps is: 

1. A hyperparameter grid search is set for each class of algorithms 

2. According to performance measure, best models are selected  

3. Stacked ensembles are created with the best individual models  
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The AML includes several families of machine learning algorithms. This includes RF, which is 

an ensemble learning method, built on bagged trees with random features selection; Extreme 

randomized tree is a variant of random forest where a third layer of randomness is added; 

XGBoost, which is a gradient boosting machine implementation; GLM, that is a regularized 

generalized linear model, where a penalty is added to better deal with high dimensions; and 

finally, a Deep Learning method is also implemented.   

 

Appendix 6: GIS data processing and variables construction 

This appendix describes the GIS data processing conducted to produce data relevant for the 

analysis. Next section describes the process to create and clean a world grid that was later used 

for processing GIS data consistently and to predict values globally. Section A6.2 describes the 

GIS data processing of the variables of interest, data description, and sources. Section A6.3 

describe the process to estimate the area of forest designed as accessible. 

 

A 6I.1 World grid data  

We processed GIS data to compute socioeconomic, biophysical and ecological, and climate 

features of the study areas. The information was later used to predict the global spatial explicit 

value of non-wood forest ecosystem service. We first constructed a 0.1ºx0.1º world grid. The 

world grid consisted of 1,976,984 cells that totally or partially overlaps with terrestrial areas of 

the planet. In a second stage we masked out those cells that: 

▪ the centroid is not located within a terrestrial area 

▪ located in the Antarctica 

▪ did not have any pixel of forest in 2009 in the GlobeCover land cover map (ESA and 

UCLouvain, 2010) and in any year between 1992 and 2018 in the ESA – CCI land cover 

map (ESA, 2017a) 

▪ 100% of the cell was classified as water bodies for every year between 1992 and 2018 by 

the ESA – CCI land cover map (ESA, 2017a) 

After removing cells following the criteria described above, we end up with 1,279,660 cells that 

had at least one pixel classified as forest between 1992 and 2018 by the ESA – CCI land cover 

map (ESA, 2017a) or classified as forest in 2009 by the GlobeCover land cover map (ESA and 

UCLouvain, 2010). We used both criteria to be able to check consistency with the analysis 

conducted by Siikamäki et al. (2015). These authors used only the GlobeCover land cover map 

to define the cells to be analyzed, because the ESA - CCI dataset was not available in the time 

that the analysis was run. However, the ESA - CCI dataset has the advantage that contains land 

cover data since 1992, allowing to estimate changes in forest cover and other land cover 

categories per year.  
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Figure A6. 1 shows the number of cells with at least one pixel classified as forest by data source 

and year. The datasets are highly consistent. GlobeCover show the lower number of cells 

containing at least one pixel of forest, but its value ranges between 93.5% and 93.9% of the 

minimum and maximum number of cells containing at least one pixel classified as forest by ESA 

– CCI between 1992 and 2008, respectively. 

 

Figure A6. 1: Nº of cells per year for ESA - CCI (1992 – 2018) and 2009 for GlobeCover 

 

 

A6.2 GIS data processing, data description and sources 

We overlapped the world grid with different data sources to process socioeconomic, biophysical 

and ecological, and climate data relevant for the analysis. All the variables, data sources, and 

specific proceedings are described below. In general terms, we processed five types of GIS data: 

1. Point data that indicates the value of a shape files or a raster cell in a specific point of our 

interest (cell centroid or study site location). For example, biome data is recorded in a 

shape file. We allocate to a cell the biome that intersects with the centroid of the cell, or a 

value estimate to the biome polygon that intersects with the study site point.  

2. Average raster value within a cell. To compute the average value of raster data within a 

cell, we first re-scaled the raster data to have one cell of the same size as the cells in our 

0.1ºx0.1º world grid. The new re-scaled raster value is the average value of all the raster 
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pixels whose centroid belong to the cell. Then, we impute to the cell the value of the 

intersection of the cell centroid and the re-scaled raster.  

3. Area data from shape files. The area is computed as the intersection of each cell in the 

world grid and the shape file polygons, indicating the area each polygon of the shape file 

in each cell.  

4. Area from raster. To compute the area of each class value from the raster for each cell, 

we first re-scaled the raster data to have one cell of the same resolution as the raster. We 

used the tool “Tabulate Area” to calculate the cross-tabulated area between the raster and 

the grid cells. 

5. Distances  

6. Raster data in round buffers at 25km, 50km, 75km, 100km, 200km, and 400km of each 

study point and cell centroid. To construct the values of the round buffers at different 

distances, we first compute the distance from each study site point / cell centroid to the 

centroid of all the cells in the world grid. Second, we compute the average value of the 

variable of interest of the cells that are a shorter distance than the distance of interest to 

each study site / cell centroid. 
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Variable Population density 

Data source Center for International Earth Science Information Network - CIESIN - Columbia 

University (2018) 

URL https://sedac.ciesin.columbia.edu/data/set/wacvm-gpw-v4-population-density-pre-

release-1-2010 

Data type Raster 

Resolution 30 arc-second adjusted count data were aggregated to 2.5 arc-minute  

Time and 

frequency 

Annual 2000, 2005, 2010, 2015, 2020 

Type of 

processing 

2. Average raster value within a cell 

6. Raster data in round buffers at 25km, 50km, 75km, 100km, 200km, and 400km 

of each study point and cell centroid 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: population density raster file in 2000, 2005, 2010, 2015 and 2020 

GIS Process: 

1. Re-sample: rescale the population density file into the resolution at 0.1º to 

be the same as the world grid cells.  

2. Zonal statistics as table: return the average value of population density for 

each year within each grid cell. Ignore no data pixles within each cell. Set 

the snap environment to match with the world grid cell data. 

3. Export each dbf file into csv file 

 

Post-processing 

To compute cell specific annual values of population density, we follow two 

strategies. To interpolate values for years within the time span that we have data, 

we compute the annual average growth rate per cell as [(
𝑌𝑡+𝑥

𝑌𝑡
)

1
𝑥⁄

− 1] ∗ 100, 

where 𝑌𝑡 is the initial value, 𝑌𝑡+𝑥 is the final value, 𝑡 is the initial year and 𝑡 + 𝑥 is 

the final year. We did this to interpolate the values within every sub period (t;t+x) 

(2000; 2005), (2005;2010), (2010; 2015), and (2015;2020). 

To extrapolate population density backwards for years previous to 2000, we first 

compute the annual average growth rate for the period (2000;2020). Then, we used 

that growth rate to impute values to the cells for years before 2000. 
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Variable Forest biome 

Data source Hansen, Stehman and Potapov (2010) 

URL https://glad.geog.umd.edu/projects/gfm/ 

Data type Shape file polygon 

Resolution n/a 

Time and 

frequency 

Snapshot characterized by year 2000 forest cover and 2000 to 2005 forest cover 

loss 

Type of 

processing 

1. Point data that indicates the value of a shape files or a raster cell in a specific 

point of our interest (cell centroid or study site location). 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: world biome shapefile 

GIS Process: 

1. Spatial join: overlay the world biome file on top of the centroid of world 

grid cells to return the biome info at the centroid location for each world 

grid cell.  

a. Target Feature: centroid.  

b. Join Feature: Biome.  

c. Join: one to many to keep multiple biome info for each centroid if 

there’s overlapping polygons. 

d. Output: joined shapefile 

2. Export attribute table for each shapefile to csv 
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Variable Temperature and rainfall 

Data source Matsuura and Willmott (2018b, 2018a) 

URL http://climate.geog.udel.edu/~climate/html_pages/Global2017/README.GlobalTsT2017.html 

http://climate.geog.udel.edu/~climate/html_pages/Global2017/README.GlobalTsP2017.html 

Data type Raster 

Resolution 0.5ºx0.5º 

Time and 

frequency 

Monthly average 1900 - 2017 

Type of 

processing 

2. Average raster value within a cell 

6. Raster data in round buffers at 25km, 50km, 75km, 100km, 200km, and 400km of each study 

point and cell centroid 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: monthly temperature and rainfall temperature from 1900 to 2017 

GIS Process: 

1. Resample: rescale the climate raster data into the resolution at 0.1 deg to be the same as 

the world grid cells.  

2. Zonal statistics as table: return the average temperature (deg) and rainfall (mm) for each 

month within each grid cell. Ignore nodata pixles within each cell. Set the snap 

environment to match with the world grid cell data. 

3. Export each dbf file into csv  

 

Post-processing 

Because of data resolution, many of the cells in the world grid end up not overlapping with the 

temperature and precipitation raster dataset. We imputed the value in the missing cells by 

imputing the average value of the four closer cells, measured as the distance of the centroid of 

each cell. Because many times there were more than two continuous cells having missing values, 

we repeated this process iteratively, until all the terrestrial cells were imputed with a value. We 

consider only cells in terrestrial continents for the imputation process. 

In the study we are interested in using weather variables as a proxy of climate conditions. To do 

this, we computed the average annual temperature and rainfall per cell for the period 1970 – 2017. 
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Variable Urban area and distance to closest urban area 

Data source ESA (2017) 

URL https://www.esa-landcover-cci.org/ 

Data type Raster 

Resolution 300m x 300m 

Time and 

frequency 

Annual 1992 to 2018 

Type of 

processing 

4. Area from raster 

5. Distance 

6. Raster data in round buffers at 25km, 50km, 75km, 100km, 200km, and 400km of 

each study point and cell centroid 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: esacci land cover rasters from 1992 to 2018 

GIS Process: 

1. Condition: create rasters representing urban only by using tool of “con”. 

Reclassify classes for urban (value = 190) into value 1 and recalssify all other 

classes into nodata. 

2. Conversion: convert rasters into polygon. option: non simplify polygon. 

3. Reproject: reprojected all the input shapefiles and converted urban polygons 

from step 2 into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

4. Intersect: overlay the world grid cells with the urban polygon generated from 

step 3 to calculate the area of urban within each cell 

5. Near: use the centroid shapefile from 0.1 deg * 0.1 deg world grid cells to 

calculate the distance from each point to the nearest urban polygon generated 

from step 3 

6. Export attribute table of shapefile to csv files 

 

Projection correction 

Urban areas and distances were computed using Web Mercator Coordinate System 

(WGS 84).1 The Web Mercator is a modification of the Mercator coordinate system, 

usually used for web maps and online services. The Web Mercator coordinate system 

https://www.esa-landcover-cci.org/
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is not conformal, and besides enormous area and distance distortions away from the 

equator, it also does not project rhumb lines as straight lines. 

The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 To correct this issue, 

we re-projected the 0.1ºx0.1º degrees world grid cell to Equal Earth projection system. 

Equal Earth is an equal-area pseudocylindrical projection for world maps.  The 

projection was adopted by the NASA Goddard Institute for Space Studies (GISS). We 

compute the area of each cell in our world grid using both projections. We used that to 

construct a correction factor specific for each cell, allowing to recover the real area per 

cell, as well as the data processed at each cell. Table 2 summarizes the mains statistics 

for the area correction factor, and the corrected cell areas. The correction factor ranges 

from 0.012 to 0.99. Total terrestrial surface after correction is 1.400e+10 ha., 

consistent with global statistics. 

Any straight line drawn on Mercator projection represents an actual compass bearing. 

These true direction lines are rhumb lines and generally do not describe the shortest 

distance between points. Distances are true along the equator or along the secant 

latitudes (standard parallels). 

Distances were correcting multiplying the calculated distance with cos(lat), since the 

scale of the Mercator projection is proportional to the secant of the latitude (secant is 

1/cos(lat)).4 The ratio between the Web mercator adjustment and cos(lat) is larger in 

the S-N direction, ranging from 0.9933 at the equator to 1.0034 at the poles. The W-E 

direction ratio starts with 1 at the equator and grows to 1.0034 at the poles. I correct 

the roads kms. per cell using the Mercator distance correction using the latitude of the 

centroid of the cell. I correct the distance to the closest urban area from the centroid of 

the cell or from the study site using the latitude of each of them, respectively. 

1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 
4https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-

mercator-projection 

 

Post-processing 

We extrapolate urban extent at the cells and round buffers, as well as distance to the 

closer urban area for years previous to 1992 using the annual average growth rate per 

cell of each variable, defined as: [(
𝑌𝑡+𝑥

𝑌𝑡
)

1
𝑥⁄

− 1] ∗ 100, where 𝑌𝑡 is the initial value, 

𝑌𝑡+𝑥 is the final value, 𝑡 is the initial year and 𝑡 + 𝑥 is the final year. To extrapolate 

the variables for years previous to 1992, we first compute the annual average growth 

rate for the period (1992;2018). Then, we used that growth rate to impute values to the 

cells for years before 1992. 

 

  

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
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Variable Forest area 

Data source ESA (2017) 

URL https://www.esa-landcover-cci.org/ 

Data type Raster 

Resolution 300m x 300m 

Time and 

frequency 

Annual 1992 to 2018 

Type of 

processing 

4. Area from raster 

Details on 

data 

processing 

Input shape file: 0.1º x 0.1º world grid cells 

Input raster: ESACCI land cover rasters from 1992 to 2018 

GIS Process: 

1. Resample: resample the rasters to the resolution of 0.1 to match input 

world grid cells. 

2. Reproject: reproject the raster of land cover and world grid cells to the 

projection of “World_Cylindrical_Equal_Area” (WKID: 54034). 

3. Tabulate area: use projected world grid cells from step 2 as zones and 

reprojected land cover rasters from step 2 to calculate area of each land 

cover class for each cell. 

4. Export the dbf to csv file  

 

Projection correction 

Forest areas were computed using Web Mercator Coordinate System (WGS 84).1 

The Web Mercator is a modification of the Mercator coordinate system, usually 

used for web maps and online services. The Web Mercator coordinate system is not 

conformal, and besides enormous area and distance distortions away from the 

equator, it also does not project rhumb lines as straight lines. 

The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 To correct this 

issue, we re-projected the 0.1ºx0.1º degrees world grid cell to Equal Earth 

projection system. Equal Earth is an equal-area pseudocylindrical projection for 

world maps.  The projection was adopted by the NASA Goddard Institute for Space 

Studies (GISS). We compute the area of each cell in our world grid using both 

https://www.esa-landcover-cci.org/
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projections. We used that to construct a correction factor specific for each cell, 

allowing to recover the real area per cell, as well as the data processed at each cell. 

Table 2 summarizes the mains statistics for the area correction factor, and the 

corrected cell areas. The correction factor ranges from 0.012 to 0.99. Total 

terrestrial surface after correction is 1.400e+10 ha., consistent with global statistics. 

1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 

 

Post-processing 

We extrapolate forest area at the cells for years previous to 1992 using the annual 

average growth rate per cell of each variable, defined as: [(
𝑌𝑡+𝑥

𝑌𝑡
)

1
𝑥⁄

− 1] ∗ 100, 

where 𝑌𝑡 is the initial value, 𝑌𝑡+𝑥 is the final value, 𝑡 is the initial year and 𝑡 + 𝑥 is 

the final year. To extrapolate the variables for years previous to 1992, we first 

compute the annual average growth rate for the period (1992;2018). Then, we used 

that growth rate to impute values to the cells for years before 1992. 

 

  

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356
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Variable Roads length 

Data source CIESIN - ITO (2013) 

URL https://sedac.ciesin.columbia.edu/data/set/groads-global-roads-open-access-v1 

Data type Shape file lines 

Resolution n/a 

Time and 

frequency 

1 layer based on data from 1980s to 2010 

Type of 

processing 

5. Distance 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: world road shapefile 

GIS Process: 

1. Reproject: reprojected the two shapefiles into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

2. Intersect: overlay the world grid cells with the world road shapefile to 

calculate the length of road within each cell 

3. Export the shapefile to csv files 

 

Projection correction 

Roads lengths were computed using Web Mercator Coordinate System (WGS 84).1 

The Web Mercator is a modification of the Mercator coordinate system, usually 

used for web maps and online services. The Web Mercator coordinate system is not 

conformal, and besides enormous area and distance distortions away from the 

equator, it also does not project rhumb lines as straight lines. 

The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 Any straight line 

drawn on Mercator projection represents an actual compass bearing. These true 

direction lines are rhumb lines and generally do not describe the shortest distance 

between points. Distances are true along the equator or along the secant latitudes 

(standard parallels). 

Distances were correcting multiplying the calculated distance with cos(lat), since 

the scale of the Mercator projection is proportional to the secant of the latitude 

(secant is 1/cos(lat)).4 The ratio between the Web mercator adjustment and cos(lat) 

https://sedac.ciesin.columbia.edu/data/set/groads-global-roads-open-access-v1
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is larger in the S-N direction, ranging from 0.9933 at the equator to 1.0034 at the 

poles. The W-E direction ratio starts with 1 at the equator and grows to 1.0034 at 

the poles. I correct the roads kms. per cell using the Mercator distance correction 

using the latitude of the centroid of the cell. I correct the distance to the closest 

urban area from the centroid of the cell or from the study site using the latitude of 

each of them, respectively. 

1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 
4https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-

web-mercator-projection 

 

 

  

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
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Variable Wetland area 

Data source WWF (no date) 

URL https://www.worldwildlife.org/pages/global-lakes-and-wetlands-database 

Data type Raster 

Resolution n/a 

Time and 

frequency 

1 snapshot 

Type of 

processing 

4. Area from raster 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: wetland raster 

GIS Process: 

1. Resample: resample the rasters to the resolution of 0.1 to match input 

world grid cells. 

2. Reproject: reproject the raster of land cover and world grid cells to the 

projection of “World_Cylindrical_Equal_Area” (WKID: 54034). 

3. Tabulate area: use projected world grid cells from step 2 as zones and 

reprojected wetland  rasters from step 2 to calculate area of wetland for 

each cell. 

4. Export the dbf to csv file  

 

  

https://www.worldwildlife.org/pages/global-lakes-and-wetlands-database
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Variable Species count 

Data source BirdLife International and Handbook of the Birds of the World (2019) and IUCN, 

(2019) 

URL https://www.iucnredlist.org/ 

http://datazone.birdlife.org/species/requestdis 

Data type Shape file polygons 

Resolution n/a 

Time and 

frequency 

1 snapshot 

Type of 

processing 

1. Point data that indicates the value of a shape files or a raster cell in a specific 

point of our interest (cell centroid or study site location). 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: species shapefile from IUCN and BirdLife International  

GIS Process: 

1. Spatial join: overlay the species shapefile on top of the centroid of world grid 

cells to return the species info at the centroid location for each world grid cell.  

a. Target Feature: centroid.  

b. Join Feature: Species.  

c. Join: one to many to keep multiple species info for each centroid 

d. Output: joined shape file 

2. Export attribute table for each shape file to csv file to be imported into Stata 

Post-processing 

The data exported from the GIS processing had one row per cell and per specie of 

birds, mammals, amphibians, and reptile present in the cell. The post-processing 

was done separately for each taxonomic group of species. Species richness was 

compute as the sum of all the species per taxonomic group present in the cell. 

For each taxonomic group, we: 

1. Keep only those species that were still present in the area and were original 

from the area 

2. Sum all the species present in the cell 

3. Sum all the species that were classified as ‘Endangered’, ‘Critical’, or 

‘Vulnerable’ by the IUCN Red List of Species (BirdLife International and 

Handbook of the Birds of the World, 2019; IUCN, 2019) 

https://www.iucnredlist.org/
http://datazone.birdlife.org/species/requestdis
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4. Keep one row per cell with the total number of species and total number of 

threatened species per taxonomic group 

Variable Normalized Difference Vegetation Index (NDVI) 

Data source Vermote and NOAA CDR Program (2019) 

URL https://www.ncdc.noaa.gov/cdr/terrestrial/normalized-difference-vegetation-index 

Data type Raster 

Resolution 0.05°x0.05° 

Time and 

frequency 

Daily from 1981 to present 

Type of 

processing 

2. Average raster value within a cell 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: daily NDVI raster from 1981 to present 

GIS Process: 

1. Cell statistics: calculate monthly NDVI from daily input 

2. Zonal statistics as table: return the average NDVI for each month within 

each grid cell. Ignore nodata pixles within each cell. Set the snap 

environment to match with the world grid cell data. 

3. Export each dbf file into csv file to be imported into stata. 

 

Post-processing 

In the study we are interested in using weather variables as a proxy of climate 

conditions. To do this, we computed the average of the three higher month NDVI 

values per year for the period 1982 – 2018. We used the average of the three 

maximum month value per year, and not the annual average, because many cells 

show missing values for specific months. This is mostly the case of winter months 

in the northern cells, that are covered by snow. We consider that the average of the 

three maximum monthly values per year are a good indicator of ecological 

conditions. 

 

  

https://www.ncdc.noaa.gov/cdr/terrestrial/normalized-difference-vegetation-index
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Variable Net Primary Productivity (NPP) 

Data source Running et al. (1999) 

URL https://earthobservatory.nasa.gov/global-maps/MOD17A2_M_PSN 

Data type Raster 

Resolution 0.1º x 0.1º  

Time and 

frequency 

Monthly 2000 - 2016 

Type of 

processing 

2. Average raster value within a cell 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: monthly NPP rasters 

GIS Process: 

1. Zonal statistics as table: return the average NPP for each month within 

each grid cell. Ignore nodata pixles within each cell. Set the snap 

environment to match with the world grid cell data. 

2. Export each dbf file into csv file to be imported into stata. 

 

Post-processing 

In the study we are interested in using weather variables as a proxy of climate 

conditions. To do this, we computed the average of the three higher month NPP 

values per year for the period 2000 – 2016. We used the average of the three 

maximum month value per year, and not the annual average, because many cells 

show missing values for specific months. This is mostly the case of winter months 

in the northern cells, that are covered by snow. We consider that the average of the 

three maximum monthly values per year are a good indicator of ecological 

conditions. 

 

  

https://earthobservatory.nasa.gov/global-maps/MOD17A2_M_PSN
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Variable Protected Areas and IUCN category 

Data source UNEP-WCMC and IUCN (2016)  

URL https://www.iucn.org/theme/protected-areas/our-work/quality-and-

effectiveness/world-database-protected-areas-wdpa 

Data type Shape file polygons and points 

Resolution n/a 

Time and 

frequency 

1 layer updated 2016 

Type of 

processing 

1. Point data that indicates the value of a shape files or a raster cell in a specific 

point of our interest (cell centroid or study site location) 

3. Area from shape file 

Details on 

data 

processing 

Input shapefile: WDPA shapefile in polygons 

Input shapefile: WDPA shapefile in points 

Input shapefile: terrestrial country boundaries 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: centroid of 0.1 deg * 0.1 deg world grid cells 

GIS Process: 

1. Select: the field of marine in the WDPA polygons has value of either 0 or 

1. Value “0” indicates the wdpa feature is non marine. Value “1” indicates 

the wdpa feature might be partially or completely ocean. Split the WDPA 

polyons into two files based on different value in the field of “marine”. 

Output “wdpa_polygons_marine_0.shp” and 

“wdpa_polygons_marine_1.shp”. 

2. Clip: use the country boundary file to clip out the terrestrial portion from 

“wdpa_polygons_marine_1.shp”. 

3. Merge: combine “wdpa_polygons_marine_0.shp” and clipped 

“wdpa_polygon_marine_1_terrestrial.shp” from step 2 to create wdpa 

polygons terrestrial ready for future use. 

4. Buffer: use the area field (unit: km2) in the WDPA point shapefile to 

calculate appropriate radius distance for each point. Buffer each point use 

the calculated radius. This is called WDPA polygon file from points. This 

file is all terrestrial. The value in the field of “marine” all equal to zero. 

https://www.iucn.org/theme/protected-areas/our-work/quality-and-effectiveness/world-database-protected-areas-wdpa
https://www.iucn.org/theme/protected-areas/our-work/quality-and-effectiveness/world-database-protected-areas-wdpa
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5. Erase: erase the new polygon file generated from step 4 from the WDPA 

polygon terrestrial file generated from step 3. This step is to make sure 

only keeping area from raw WDPA polygons when there’s overlapping 

area between the two datasets. 

6. Reproject: reproject the wdpa polygon terrestrial shapefile (from step 3) 

and wdpa polygon from point shapefile (from step 5) into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

7. Conversion: convert the two reprojected shapefiles from step 6 to rasters in 

the resolution of 10km. Cell assignment is 

“MAXIMUM_COMBINED_AREA”. Priority field is “IUCN category”. 

This can make sure there is no overlapping areas between different 

category. 

              IUCN,Priority 

a. Ia,10 

b. Ib,9 

c. II,8 

d. III,7 

e. IV,6 

f. V,5 

g. VI,4 

h. Not Reported,3 

i. Not Applicable,2 

j. Not Assigned,1 

8. Conversion: convert rasters from step 7 back to polygons. Non simplify.-> 

wdpa_terrestrial_poly_rastertopoly.shp 

9. Erase: the operation of converting polygons to rasters, and then convert 

back to polygons (step 7 and step 8) will recreate overlapping areas 

between WDPA polygons and WDPA polygons from points. Use erase to 

remove overlapping areas from WDPA polygons created from points.-> 

wdpa_terrestrial_point_rastertopoly.shp 

10. Reproject: reproject the two shapefiles from step 8 and step 9 into the 

projection of “World_Cylindrical_Equal_Area” (WKID: 54034). 

a. Output 1: wdpa_terrestrial_poly_rastertopoly_equalarea.shp 

b. Output 2: wdpa terrestrial_point_rastertopoly_equalarea.shp 
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11. Spatial join: overlay the reprojected shapefiles from step 10 on top of the 

centroid of world grid cells to return the WDPA info at the centroid 

location for each world grid cell.  

e. Target Feature: centroid.  

f. Join Feature: reprojected shapefile from step 10.  

g. Join: one to many 

h. Output: joined shapefile 

12. Intersect: overlay the reprojected shapefiles from step 10 with 0.1 deg by 

0.1 deg world grid cells shapefile to calculate the area of protected features 

within each cell. 

13. Export attribute table of the shapefiles from step 11 and step 12 to csv files 

 

Post-processing 

The GIS data processed contained one row per cell in the world grid per protected 

area intersected with the cell. In addition, protected areas from the shape file and 

the point file were processed separately. With these inputs, we did the following 

steps to produce the data finally used in the analysis: 

1. We merged the data from shape file and point file into one file, having in 

total one row per grid cell and per protected area that intersect the cell. 

2. Projection correction 

The size of the protected areas was computed using Web Mercator Coordinate 

System (WGS 84).1 The Web Mercator is a modification of the Mercator 

coordinate system, usually used for web maps and online services. The Web 

Mercator coordinate system is not conformal, and besides enormous area and 

distance distortions away from the equator, it also does not project rhumb lines as 

straight lines. 

The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 To correct this 

issue, we re-projected the 0.1ºx0.1º degrees world grid cell to Equal Earth 

projection system. Equal Earth is an equal-area pseudocylindrical projection for 

world maps.  The projection was adopted by the NASA Goddard Institute for Space 

Studies (GISS). We compute the area of each cell in our world grid using both 

projections. We used that to construct a correction factor specific for each cell, 

allowing to recover the real area per cell, as well as the data processed at each cell. 

Table 2 summarizes the mains statistics for the area correction factor, and the 

corrected cell areas. The correction factor ranges from 0.012 to 0.99. Total 

terrestrial surface after correction is 1.400e+10 ha., consistent with global statistics. 

1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356
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3. We create a variable that computes the sum of the total area that is 

protected per cell. 

4. We compute the number of protected areas in a cell 

5. We create a variable indicating the sum of the total area of the protected 

areas that are intersected with a cell. Usually, protected areas cover more 

than one cell. We consider important to have a measure of the total 

protected area associated with a protected area that intersects a cell. 

6. We compute an alternative measure to the one described in point 5., as the 

weight sum of the total area of the protected areas that are intersected with 

a cell. We use weights based in total area size. 

7. We compute a variable for each cell indicating the total area size of the 

larger protected area that is intersected with the cell.  

8. We compute a variable for each cell indicating the sum of the total area of 

every protected area that intersect the cell. 

9. We compute a variable indicating the protected area IUCN protection 

category per cell. For cells that are intersect by more than one protected 

area, we recorded the IUCN protection category of that protected area with 

stricter level of protection.  

10. We compute a variable indicating the percentage of the area of a cell that is 

protected. 

11. We end up with a dataset that the number of rows equals the number of 

cells that are intersect with at least one protected area. 
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Variable Forest area 

Data source ESA and UCLouvain (2010) 

URL http://due.esrin.esa.int/page_globcover.php 

Data type Raster 

Resolution 300m x 300m 

Time and 

frequency 

1 snapshopt year 2009 

Type of 

processing 

4. Area from raster 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: Forest area raster from globecover  

GIS Process: 

1. Resample: resample the rasters to the resolution of 0.1 to match input 

world grid cells. 

2. Reproject: reproject the raster of land cover and world grid cells to the 

projection of “World_Cylindrical_Equal_Area” (WKID: 54034). 

3. Tabulate area: use projected world grid cells from step 2 as zones and 

reprojected land cover rasters from step 2 to calculate forest area within 

each cell. 

4. Export the dbf to csv file  

 

Projection correction 

Forest areas were computed using Web Mercator Coordinate System (WGS 84).1 

The Web Mercator is a modification of the Mercator coordinate system, usually 

used for web maps and online services. The Web Mercator coordinate system is not 

conformal, and besides enormous area and distance distortions away from the 

equator, it also does not project rhumb lines as straight lines. 

The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 To correct this 

issue, we re-projected the 0.1ºx0.1º degrees world grid cell to Equal Earth 

projection system. Equal Earth is an equal-area pseudocylindrical projection for 

world maps.  The projection was adopted by the NASA Goddard Institute for Space 

Studies (GISS). We compute the area of each cell in our world grid using both 

http://due.esrin.esa.int/page_globcover.php
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projections. We used that to construct a correction factor specific for each cell, 

allowing to recover the real area per cell, as well as the data processed at each cell. 

Table 2 summarizes the mains statistics for the area correction factor, and the 

corrected cell areas. The correction factor ranges from 0.012 to 0.99. Total 

terrestrial surface after correction is 1.400e+10 ha., consistent with global statistics. 

1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 

 

Post-processing 

We extrapolate forest area at the cells for years previous to 1992 using the annual 

average growth rate per cell of each variable, defined as: [(
𝑌𝑡+𝑥

𝑌𝑡
)

1
𝑥⁄

− 1] ∗ 100, 

where 𝑌𝑡 is the initial value, 𝑌𝑡+𝑥 is the final value, 𝑡 is the initial year and 𝑡 + 𝑥 is 

the final year. To extrapolate the variables for years previous to 1992, we first 

compute the annual average growth rate for the period (1992;2018). Then, we used 

that growth rate to impute values to the cells for years before 1992. 

  

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356
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Variable Intact forest 

Data source Potapov et al. (2008, 2017) 

URL http://www.intactforests.org/index.html 

Data type Shape file 

Resolution n/a 

Time and 

frequency 

2000, 2013, and 2016 

Type of 

processing 

3. Area from shape file 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: intact forest shapefile 

GIS Process: 

1. Reproject: reprojected the all the input shapefiles into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

2. Intersect: overlay the world grid cells with the intact forest polygon 

generated from step 1 to calculate the area of forest within each cell 

3. Export the attribute table of shapefile to csv files 

Projection correction 

Intact forest areas were computed using Web Mercator Coordinate System (WGS 

84).1 The Web Mercator is a modification of the Mercator coordinate system, 

usually used for web maps and online services. The Web Mercator coordinate 

system is not conformal, and besides enormous area and distance distortions away 

from the equator, it also does not project rhumb lines as straight lines. 

The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 To correct this 

issue, we re-projected the 0.1ºx0.1º degrees world grid cell to Equal Earth 

projection system. Equal Earth is an equal-area pseudocylindrical projection for 

world maps.  The projection was adopted by the NASA Goddard Institute for Space 

Studies (GISS). We compute the area of each cell in our world grid using both 

projections. We used that to construct a correction factor specific for each cell, 

allowing to recover the real area per cell, as well as the data processed at each cell. 

Table 2 summarizes the mains statistics for the area correction factor, and the 

corrected cell areas. The correction factor ranges from 0.012 to 0.99. Total 

terrestrial surface after correction is 1.400e+10 ha., consistent with global statistics. 

http://www.intactforests.org/index.html
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1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 

  

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356


 

170 

 

Variable Human footprint 

Data source Venter et al. (2016, 2018) 

URL https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-human-footprint 

Data type Raster 

Resolution 1km x 1km 

Time and 

frequency 

2 snapshots 1993 and 2009 

Type of 

processing 

2. Average raster value within a cell 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: Human footprint raster 

GIS Process: 

1. Zonal statistics as table: return the average value within each grid cell. 

Ignore nodata pixles within each cell. Set the snap environment to match 

with the world grid cell data. 

2. Export each dbf file into csv file. 

 

  

https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-human-footprint
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Variable Human Modification map 

Data source Kennedy et al. (2019)  

URL https://figshare.com/articles/Global_Human_Modification/7283087 

Data type Raster 

Resolution 1km x 1km 

Time and 

frequency 

1 layer median 2016 

Type of 

processing 

2. Average raster value within a cell 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: Human modification raster 

GIS Process: 

1. Zonal statistics as table: return the average value within each grid cell. 

Ignore nodata pixles within each cell. Set the snap environment to match 

with the world grid cell data. 

2. Export each dbf file into csv file  

 

  

https://figshare.com/articles/Global_Human_Modification/7283087
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Variable Biodiversity intactness 

Data source (Newbold et al., 2016) 

URL https://data.nhm.ac.uk/dataset/global-map-of-the-biodiversity-intactness-index-

from-newbold-et-al-2016-science 

Data type Raster 

Resolution 1km x 1km 

Time and 

frequency 

1 layer circa 2005 

Type of 

processing 

2. Average raster value within a cell 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: Biodiversity intactness 

GIS Process: 

1. Zonal statistics as table: return the average value within each grid cell. 

Ignore nodata pixles within each cell. Set the snap environment to match 

with the world grid cell data. 

2. Export each dbf file into csv file  

  

https://data.nhm.ac.uk/dataset/global-map-of-the-biodiversity-intactness-index-from-newbold-et-al-2016-science
https://data.nhm.ac.uk/dataset/global-map-of-the-biodiversity-intactness-index-from-newbold-et-al-2016-science
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Datasets processed but not used in this analysis 

 

Variable Temperature and rainfall 

Data 

source 

Fick and Hijmans (2017) 

URL https://www.worldclim.org/ 

Data type Raster 

Resolution 10 arc min 

Time and 

frequency 

1 layer with average monthly values for the period 1950 – 2000 

Type of 

processing 

2. Average raster value within a cell 

6. Raster data in round buffers at 25km, 50km, 75km, 100km, 200km, and 400km of 

each study point and cell centroid 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: monthly temperature and rainfall temperature 

GIS Process: 

1. Resample: rescale the climate raster data into the resolution at 0.1 deg to be the 

same as the world grid cells.  

2. Zonal statistics as table: return the average temperature (deg) and rainfall (mm) 

for each month within each grid cell. Ignore nodata pixles within each cell. Set 

the snap environment to match with the world grid cell data. 

3. Export each dbf file into csv file to be imported into stata. 

 

Post-processing 

Because of data resolution, many of the cells in the world grid end up not overlapping 

with the temperature and precipitation raster dataset. We imputed the value in the 

missing cells by imputing the average value of the four closer cells, measured as the 

distance of the centroid of each cell. Because many times there were more than two 

continuous cells having missing values, we repeated this process iteratively, until all 

the terrestrial cells were imputed with a value. We consider only cells in terrestrial 

continents for the imputation process. 
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Variable Urban area and distance to closest urban area 

Data source Center for International Earth Science Information Network - CIESIN - Columbia 

University et al. (2017) 

URL https://sedac.ciesin.columbia.edu/data/set/grump-v1-urban-ext-polygons-rev01 

Data type shapefile 

Resolution 30-arc-second 

Time and 

frequency 

Snapshot, 1 layer 1995 and updated later in 2017. There is no one specific 

reference year. 

Type of 

processing 

4. Area from raster 

5. Distance 

6. Raster data in round buffers at 25km, 50km, 75km, 100km, 200km, and 400km 

of each study point and cell centroid 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: centroid shapefile of 0.1 deg * 0.1 deg world grid cells 

Input shapefile: urban shapefile from Grump 

GIS Process: 

1. Reproject: reprojected the all the input shapefiles into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

2. Intersect: overlay the world grid cells with the urban polygon generated 

from step 1 to calculate the area of urban within each cell 

3. Near: use the centroid shapefile from 0.1 deg * 0.1 deg world grid cells to 

calculate the distance from each point to the nearest urban polygon 

generated from step 1 

4. Export the attribute table of shapefile to csv files 

 

Projection correction 

Urban areas and distances were computed using Web Mercator Coordinate System 

(WGS 84).1 The Web Mercator is a modification of the Mercator coordinate 

system, usually used for web maps and online services. The Web Mercator 

coordinate system is not conformal, and besides enormous area and distance 

distortions away from the equator, it also does not project rhumb lines as straight 

lines. 



 

175 

 

The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 To correct this 

issue, we re-projected the 0.1ºx0.1º degrees world grid cell to Equal Earth 

projection system. Equal Earth is an equal-area pseudocylindrical projection for 

world maps.  The projection was adopted by the NASA Goddard Institute for Space 

Studies (GISS). We compute the area of each cell in our world grid using both 

projections. We used that to construct a correction factor specific for each cell, 

allowing to recover the real area per cell, as well as the data processed at each cell. 

Table 2 summarizes the mains statistics for the area correction factor, and the 

corrected cell areas. The correction factor ranges from 0.012 to 0.99. Total 

terrestrial surface after correction is 1.400e+10 ha., consistent with global statistics. 

Any straight line drawn on Mercator projection represents an actual compass 

bearing. These true direction lines are rhumb lines and generally do not describe 

the shortest distance between points. Distances are true along the equator or along 

the secant latitudes (standard parallels). 

Distances were correcting multiplying the calculated distance with cos(lat), since 

the scale of the Mercator projection is proportional to the secant of the latitude 

(secant is 1/cos(lat)).4 The ratio between the Web mercator adjustment and cos(lat) 

is larger in the S-N direction, ranging from 0.9933 at the equator to 1.0034 at the 

poles. The W-E direction ratio starts with 1 at the equator and grows to 1.0034 at 

the poles. I correct the roads kms. per cell using the Mercator distance correction 

using the latitude of the centroid of the cell. I correct the distance to the closest 

urban area from the centroid of the cell or from the study site using the latitude of 

each of them, respectively. 

1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 
4https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-

web-mercator-projection 

 

  

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
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Variable Urban area and distance to closest urban area 

Data source Florczyk et al. (2019) 

URL https://ghsl.jrc.ec.europa.eu/ghs_stat_ucdb2015mt_r2019a.php 

Data type Shape file 

Resolution n/a 

Time and 

frequency 

Snapshot 1 layer 2015 

Type of 

processing 

3. Area from shape file 

5. Distance 

6. Raster data in round buffers at 25km, 50km, 75km, 100km, 200km, and 400km 

of each study point and cell centroid 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: centroid shapefile of 0.1 deg * 0.1 deg world grid cells 

Input shapefile: urban shapefile from GHS 

GIS Process: 

1. Reproject: reprojected the all the input shapefiles into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

2. Intersect: overlay the world grid cells with the urban polygon generated 

from step 1 to calculate the area of urban within each cell 

3. Near: use the centroid shapefile from 0.1 deg * 0.1 deg world grid cells to 

calculate the distance from each point to the nearest urban polygon 

generated from step 1 

4. Export the attribute table of shapefile to csv files 

 

Projection correction 

Urban areas and distances were computed using Web Mercator Coordinate System 

(WGS 84).1 The Web Mercator is a modification of the Mercator coordinate 

system, usually used for web maps and online services. The Web Mercator 

coordinate system is not conformal, and besides enormous area and distance 

distortions away from the equator, it also does not project rhumb lines as straight 

lines. 
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The Web Mercator Coordinate System projection distorts data in the east-west 

direction, but the worst distortion is in the north-south direction.2 To correct this 

issue, we re-projected the 0.1ºx0.1º degrees world grid cell to Equal Earth 

projection system. Equal Earth is an equal-area pseudocylindrical projection for 

world maps.  The projection was adopted by the NASA Goddard Institute for Space 

Studies (GISS). We compute the area of each cell in our world grid using both 

projections. We used that to construct a correction factor specific for each cell, 

allowing to recover the real area per cell, as well as the data processed at each cell. 

Table 2 summarizes the mains statistics for the area correction factor, and the 

corrected cell areas. The correction factor ranges from 0.012 to 0.99. Total 

terrestrial surface after correction is 1.400e+10 ha., consistent with global statistics. 

Any straight line drawn on Mercator projection represents an actual compass 

bearing. These true direction lines are rhumb lines and generally do not describe 

the shortest distance between points. Distances are true along the equator or along 

the secant latitudes (standard parallels). 

Distances were correcting multiplying the calculated distance with cos(lat), since 

the scale of the Mercator projection is proportional to the secant of the latitude 

(secant is 1/cos(lat)).4 The ratio between the Web mercator adjustment and cos(lat) 

is larger in the S-N direction, ranging from 0.9933 at the equator to 1.0034 at the 

poles. The W-E direction ratio starts with 1 at the equator and grows to 1.0034 at 

the poles. I correct the roads kms. per cell using the Mercator distance correction 

using the latitude of the centroid of the cell. I correct the distance to the closest 

urban area from the centroid of the cell or from the study site using the latitude of 

each of them, respectively. 

1https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm 
2 https://support.esri.com/en/technical-article/000011356 
4https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-

web-mercator-projection 

 

  

https://desktop.arcgis.com/en/arcmap/latest/map/projections/mercator.htm
https://support.esri.com/en/technical-article/000011356
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
https://gis.stackexchange.com/questions/14528/better-distance-measurements-in-web-mercator-projection
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Variable Global Forest Biomass (AGB) 

Data source Avitabile et al. (2016) 

URL https://www.wur.nl/en/Research-Results/Chair-groups/Environmental-

Sciences/Laboratory-of-Geo-information-Science-and-Remote-

Sensing/Research/Integrated-land-monitoring/Forest_Biomass/Forest-Biomass-

downloads.htm?wmstepid=confirmation 

Data type Raster 

Resolution 1km x 1km 

Time and 

frequency 

1 layer  

Type of 

processing 

2. Average raster value within a cell 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: Global Forest Biomass raster 

GIS Process: 

1. Zonal statistics as table: return the average value within each grid cell. 

Ignore nodata pixles within each cell. Set the snap environment to match 

with the world grid cell data. 

2. Export each dbf file into csv file  

 

  

https://www.wur.nl/en/Research-Results/Chair-groups/Environmental-Sciences/Laboratory-of-Geo-information-Science-and-Remote-Sensing/Research/Integrated-land-monitoring/Forest_Biomass/Forest-Biomass-downloads.htm?wmstepid=confirmation
https://www.wur.nl/en/Research-Results/Chair-groups/Environmental-Sciences/Laboratory-of-Geo-information-Science-and-Remote-Sensing/Research/Integrated-land-monitoring/Forest_Biomass/Forest-Biomass-downloads.htm?wmstepid=confirmation
https://www.wur.nl/en/Research-Results/Chair-groups/Environmental-Sciences/Laboratory-of-Geo-information-Science-and-Remote-Sensing/Research/Integrated-land-monitoring/Forest_Biomass/Forest-Biomass-downloads.htm?wmstepid=confirmation
https://www.wur.nl/en/Research-Results/Chair-groups/Environmental-Sciences/Laboratory-of-Geo-information-Science-and-Remote-Sensing/Research/Integrated-land-monitoring/Forest_Biomass/Forest-Biomass-downloads.htm?wmstepid=confirmation
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Variable Global forest 

Data source Hansen et al. (2013) 

URL https://earthenginepartners.appspot.com/science-2013-global-

forest/download_v1.7.html 

Data type Raster 

Resolution 30mx30m 

Time and 

frequency 

1 layer tree canopy cover for year 2000: Tree cover in the year 2000, defined as 

canopy closure for all vegetation taller than 5m in height. Encoded as a percentage 

per output grid cell, in the range 0–100 

Annual forest loss 2000 – 2019: Forest loss during the period 2000–2019, defined 

as a stand-replacement disturbance, or a change from a forest to non-forest state. 

Encoded as either 0 (no loss) or else a value in the range 1–17, representing loss 

detected primarily in the year 2001–2019, respectively 

Global forest cover gain 2000–2012: Forest gain during the period 2000–2012, 

defined as the inverse of loss, or a non-forest to forest change entirely within the 

study period. Encoded as either 1 (gain) or 0 (no gain). 

Type of 

processing 

2. Average raster value within a cell 

4. Area from raster 

Details on 

data 

processing 

Input shapefile: 0.1º x 0.1º world grid cells 

Input raster: Global forest change raster 

GIS Process: 

1. Reproject: reprojected the all the input files into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

2. Mosaic: set each world grid cell as processing environment, mosaic 

tiles from treecover layer in 2000 and lossyear layer for each cell 

3. Tabulate area: use projected world grid cells from step 1 as zones and 

mosaiced loss year rasters from step 2 to calculate area of deforested 

pixels from 2001 to 2017 individually.  

4. Zonal statistics as table: use projected world grid cells from step 1 as 

zones and mosaiced tree cover rasters in year 2000 from step 2 to 

calculate the average tree cover percentage in year 2000 for each grid 

cell 

5. Condition: use tool of condition to reclassify the mosaiced tree cover 

rasters in year 2000 from step 2 to create categorical tree cover raster 

based on the tree cover percentage in year 2000. Tree cover >=50, set 

https://earthenginepartners.appspot.com/science-2013-global-forest/download_v1.7.html
https://earthenginepartners.appspot.com/science-2013-global-forest/download_v1.7.html
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value = 3; tree cover >=25 and tree cover <50, set value =2; tree cover 

> 0 and tree cover < 25, set value =1; no tree cover percentage would 

be set value = 0 

6. Tabulate area: use projected world grid cells from step 1 as zones and 

reclassified tree cover raster from step 5 to calculate area of pixels with 

different tree cover percentage categories in year 2000. (i.e. area of 

pixels with tree cover pecentage more than 50% in year 2000) 

7. Export dbf from step 3, 4, 6 to csv files 
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Definition of accessible forest and processing details 

Description of the work and data sources 

 

Input shapefile: 0.1º x 0.1º world grid cells 

Input shapefile: world road shapefile 

Input shapefile: world river and lake centerlines from natural earth 

(https://www.naturalearthdata.com/downloads/10m-physical-vectors/10m-rivers-lake-

centerlines/) 

Input raster: ESACCI LULC from 1992 to 2018 

Input raster: globecover forest raster 

 

GIS Process: 

1. Merge: merge the shapefile of roads and rivers as one single combined shapefile 

2. Conversion: convert polygons to rasters with resolution of 0.18 deg (approx. 20km wide) 

3. Reproject: reproject the raster from step 2 into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

4. Recalssify: reclassify the reprojected raster from step 2 to value “1” indicating the accessible 

area from the road and rivers within the geodesic distance of 10km. Everywhere else would 

be nodata. 

5. Reproject: reproject the input rasters (esacci and globecover) into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

6. Times: multiply the reprojected raster from step 4 with the reprojected input raster from 

step 5 to create accessible forest rasters within the geodesic distance of 10km from either 

roads or rivers. 

7. Reproject: reproject the input 0.1 deg * 0.1 deg world grid cells into the projection of 

“WGS_1984_Web_Mercator_Auxiliary_Sphere”. 

8. Tabulate area: use the projected world grid cells from step 7 as zones and accessible forest 

raster from step 6 to calculate the area of accessible forest within each cell. 

 

https://www.naturalearthdata.com/downloads/10m-physical-vectors/10m-rivers-lake-centerlines/
https://www.naturalearthdata.com/downloads/10m-physical-vectors/10m-rivers-lake-centerlines/
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Remote sensing and other spatial data products for mapping forest degradation 
 

Data product 
Spatial 

extent 

Temporal 

coverage 
Source Reference 

Fragmentation indicators: 

Human footprint Global,  

1 km2 

2009, 1993 Sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-human-footprint 

 

Venter et al. 

(2016) 

Human 

modification 

index 

Global, 

 1 km2 

2016 Figshare.com/articles/Global_Human_Modification/7283087 Kennedy et al. 

(2019) 

Low impact 

areas 

Global,  

1 km2 

? Doi.org/10.5061/dryad.z612jm67g (broken link) Jacobson et al. 

(2019) 

Road density Global,  

8 km2 

? Www.globio.info/download-grip-dataset Meijer et al. 

(2018) 

Intact 

landscapes 

Global 2000, 2013, 

2016 

Http://www.intactforests.org/data.ifl.html Potapov et al. 

(2017) 

Tree cover (for 

patch size 

distribution) 

Global, 

30m 

2001 to present 

biannually 

Https://www.globalforestwatch.org Hansen et al. 

(2013) 

Species impoverishment indicators: 

Forest integrity 

index 

Humid 

tropics 

Circa 2010 www.unbiodiversitylab.org/ Hansen et al. 

(in press) 

https://www.globalforestwatch.org/
http://www.unbiodiversitylab.org/
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Data product 
Spatial 

extent 

Temporal 

coverage 
Source Reference 

Plantations 82 

countries 

2015 www.globalforestwatch.org Harris et al. 

(2018) 

Biodiversity 

intactness 

Global,  

1 km2 

Current? https://data.nhm.ac.uk/dataset/global-map-of-the-biodiversity-intactness-

index-from-newbold-et-al-2016-science 

Newbold et al. 

(2016) 

Defaunation 

index 

Tropics, 

1 km2 

Input data sets 

span from 

1980 to 2017 

figshare.com/projects/Intact_but_emtpy_forests_Patterns_of_hunting-

induced_mammal_defaunation_in_the_tropics/31118 

Benítez-

López et al. 

(2019) 

Biodiversity 

habitat index 

Global, 

1km2 

nd https://publications.csiro.au/rpr/download?pid=csiro:EP157133&dsid=DS4#:

~:text=The%20Biodiversity%20Habitat%20Index%20uses,and%20land%2D

cover%20change%20datasets. 

Ferrier (no 

date) 

Loss of biomass indicators: 

Active fires Global Daily since 

2000 

Earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-

data 

Giglio et al. 

(2016) 

Burn scars 

(Global Fire 

Emissions Data) 

Global, 

0.25o 

Monthly from 

1997 to present 

www.globalfiredata.org/data.html Giglio et al. 

(2013) 

Above ground 

biomass 

Tropics 

and 

global, 1 

km2 

 

Circa 2016 and 

change 2003-

2014 

Https://www.unbiodiversitylab.org/ 

 

Avitabile et 

al. (2016) 

http://www.globalforestwatch.org/
https://data.nhm.ac.uk/dataset/global-map-of-the-biodiversity-intactness-index-from-newbold-et-al-2016-science
https://data.nhm.ac.uk/dataset/global-map-of-the-biodiversity-intactness-index-from-newbold-et-al-2016-science
http://www.globalfiredata.org/data.html
https://www.unbiodiversitylab.org/
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Data product 
Spatial 

extent 

Temporal 

coverage 
Source Reference 

NPP change Global 2000 – 2016 https://earthobservatory.nasa.gov/global-maps/MOD17A2_M_PSN Running et al. 

(1999) 

NDVI change 

Global  1982 – 2019 https://www.ncdc.noaa.gov/cdr/terrestrial/normalized-difference-vegetation-

index 

Vermote and 

NOAA CDR 

Program 

(2019) 

Global 1982 – 2016 Data only available upon request to authors Bai et al. 

(2008, 2015) 

Land 

productivity 

change 

Global 1993 - 2013 World Atlas desertification. Not available only Cherlet et al. 

(2018) 

     

Other: 

Indigenous and 

community 

lands 

Some 

countries 

Current http://www.landmarkmap.org/ Other: 

Forest Health 

Index 

Global 2019 Data will be available for download when paper is published Garnett et al. 

(2018) (on 

request) 

Source: adapted from DeFries, Osuri and Malhi (2020) with information from IPBES (2018), Olsson et al. (2019) and own research 

https://www.ncdc.noaa.gov/cdr/terrestrial/normalized-difference-vegetation-index
https://www.ncdc.noaa.gov/cdr/terrestrial/normalized-difference-vegetation-index
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Appendix 7: Results additional tables and figures 
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Table A7.1: Regression analysis for recreational services  

  Full dataset Without influential observations 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) 

                                    

ln GNI per capita PPP 

2013 

  

0.09 0.11 0.47 0.24 0.25 1.05*** 1.17*** 1.15*** 0.99*** 0.95*** 0.45* 1.07*** 0.30 1.06*** 0.41* 1.08*** 0.99*** 

(0.26) (0.20) (0.35) (0.27) (0.19) (0.27) (0.30) (0.30) (0.27) (0.26) (0.25) (0.28) (0.21) (0.28) (0.24) (0.28) (0.28) 

ln Population density 

75 km 

  

  0.79*** 0.69***   0.85*** 0.65*** 0.66*** 0.64*** 0.80*** 0.68*** 0.84*** 0.66*** 0.84*** 0.65*** 0.85*** 0.66*** 0.65*** 

  (0.11) (0.10)   (0.10) (0.09) (0.16) (0.17) (0.22) (0.10) (0.10) (0.10) (0.10) (0.09) (0.10) (0.09) (0.09) 

ln Temperature (K)     17.60     36.14*** 40.18*** 40.83*** 32.86*** 33.44***   32.78***   35.80***   33.73*** 32.59*** 

      (13.57)     (10.07) (9.95) (10.19) (10.63) (9.72)   (10.21)   (10.10)   (10.14) (11.48) 

ln Precipitation (mm)     0.44     0.48 0.53* 0.48 0.51* 0.25   0.41   0.46   0.44 0.50* 

      (0.35)     (0.29) (0.31) (0.31) (0.30) (0.33)   (0.30)   (0.30)   (0.30) (0.29) 

ln Distance closest 

urban area (km)  

            0.31 0.28                   

            (0.25) (0.25)                   

% Urban area 75 km             4.54 2.56                   

              (10.68) (10.07)                   

ln Roads density cell 

(km/ha) 

  

            1.33                     

            (1.18)                     

ln roads density 75 km 

(km/ha) 

  

              2.65                   

              (2.25)                   

% Forest cover country                 -1.33                 

                  (1.60)                 

ln Forest per capita 

country 

  

                0.27                 

                (0.32)                 

% Forest cell                   1.14*               

                    (0.62)               

ln Species richness                     0.87** 0.44           

                      (0.39) (0.36)           

ln Nº mammals                         0.32 0.12       

                          (0.27) (0.27)       

ln Nº birds                             0.83** 0.44   

                              (0.40) (0.39)   

NDVI                                 2.11 

                                  (2.61) 

Constant 3.88 0.72 -105.17 2.37 -0.97 -215.87*** -241.42*** -244.78*** -195.69*** -198.67*** -7.79* -199.06*** -2.63 -214.30*** -6.83* 

-

204.49**

* -195.86*** 

  (2.59) (2.04) (78.40) (2.61) (1.93) (58.33) (57.77) (59.12) (62.08) (56.20) (4.26) (58.90) (2.71) (58.59) (4.00) (58.66) (65.99) 

                                    

Observations 113 113 113 108 108 108 108 108 108 108 108 108 108 108 108 108 108 

R-squared 0.00 0.34 0.39 0.01 0.41 0.52 0.54 0.54 0.53 0.54 0.45 0.53 0.42 0.52 0.44 0.53 0.53 

AIC 523.2 479 473 500.2 446.8 427.4 430 430.2 430 424.8 440.8 427.4 447.2 429.2 443 427.6 428.4 

BIC 528.7 487.2 486.6 505.6 454.8 440.8 451.5 451.7 448.8 440.9 451.5 443.5 457.9 445.3 453.7 443.7 444.5 

RMSE 2.47 2.03 2.03 2.45 1.95 1.77 1.82 1.82 1.81 1.76 1.91 1.79 1.96 1.80 1.93 1.79 1.79 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 



 

187 

 

Figure A7.1: Leverage analysis regression analysis for recreational services 

 
Note: Green circles indicate observations that has been removed. Red lines are the mean 

values for leverage and normalized residual square. 
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Table A7.2: Models including degradation variables for recreational services 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) 

                   
ln GNI per capita PPP 2013 0.24 0.99*** 0.90*** 0.28 1.07*** 0.97*** 0.22 1.04*** 0.92*** 0.28 1.07*** 0.97*** 0.33 1.10*** 1.03*** 0.36 0.92*** 0.82*** 

 (0.19) (0.25) (0.25) (0.20) (0.27) (0.26) (0.20) (0.27) (0.25) (0.20) (0.27) (0.27) (0.22) (0.27) (0.27) (0.29) (0.28) (0.28) 

ln Population density 75 km 0.85*** 0.60*** 0.65*** 0.84*** 0.63*** 0.67*** 0.85*** 0.64*** 0.68*** 1.05*** 0.82*** 0.79*** 1.14*** 0.89*** 0.88*** 0.87*** 0.70*** 0.72*** 

 (0.11) (0.11) (0.11) (0.10) (0.09) (0.10) (0.10) (0.09) (0.10) (0.20) (0.17) (0.17) (0.17) (0.15) (0.15) (0.10) (0.09) (0.10) 

ln Temperature (K)  34.99*** 32.76***  35.33*** 32.52***  35.70*** 30.51***  36.70*** 34.09***  37.08*** 35.34***  38.33*** 37.31*** 

  (9.81) (9.61)  (9.98) (9.65)  (10.53) (10.57)  (10.18) (9.79)  (10.20) (10.07)  (10.56) (10.23) 

ln Precipitation (mm)  0.64* 0.38  0.52* 0.28  0.63* 0.43  0.43 0.24  0.45 0.31  0.42 0.25 

  (0.32) (0.36)  (0.30) (0.34)  (0.36) (0.36)  (0.29) (0.33)  (0.29) (0.33)  (0.32) (0.34) 

% Forest cell   1.07*   1.18*   1.41**   1.01   0.68   0.97 

   (0.61)   (0.62)   (0.70)   (0.62)   (0.59)   (0.69) 

NDVI trend 1982 - 2018 27.16 177.37 132.17                

 (171.24) (158.71) (156.30)                

Forest change 1992 - 2018 (p.p)    4.86* 4.87* 5.03*             

    (2.90) (2.59) (2.60)             

Biodiversity intactness       -0.97 -1.91 -3.69          

       (2.25) (2.31) (2.40)          

Human modification index          -2.10 -1.81 -1.14       

          (1.83) (1.58) (1.54)       

Human footprint index             -0.07** -0.06** -0.05*    

             (0.03) (0.03) (0.03)    

ln Species richness                1.06** 0.89** 0.71 

                (0.46) (0.42) (0.44) 

ln Nº species threatened                -0.32 -0.86 -0.85 

                (0.50) (0.58) (0.56) 

Constant -0.83 -209.72*** -195.22*** -1.25 -211.80*** -193.96*** 0.23 -212.49*** -180.00*** -1.41 -218.97*** -202.56*** -1.99 -221.63*** -210.63*** -7.27 -229.54*** -221.30*** 

 (1.92) (56.58) (55.31) (1.96) (57.83) (55.83) (2.25) (60.77) (60.93) (2.01) (58.84) (56.60) (2.20) (58.96) (58.27) (4.37) (60.10) (58.33) 

                   

Observations 108 108 108 108 108 108 106 106 106 108 108 108 106 106 106 108 108 108 

R-squared 0.41 0.53 0.55 0.42 0.54 0.56 0.41 0.54 0.56 0.42 0.53 0.55 0.44 0.56 0.56 0.45 0.55 0.56 

AIC 448.8 428 426 445.8 425.6 422.6 440.8 419 415 446.8 427.6 426.2 434.4 413.8 414.2 442.2 424.8 423.8 

BIC 459.5 444.1 444.8 456.5 441.7 441.4 451.5 435.0 433.6 457.5 443.7 445.0 445.1 429.8 432.8 455.6 443.6 445.3 

RSME 1.97 1.78 1.77 1.93 1.75 1.73 1.97 1.78 1.75 1.95 1.78 1.77 1.91 1.73 1.74 1.93 1.78 1.78 

Robust standard errors in parentheses                                 

*** p<0.01, ** p<0.05, * p<0.1                
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Table A7.2: Models including degradation variables for recreational services (cont.) 

  (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) (31) (32) (33) (34) (35) (36) 

                   
ln GNI per capita PPP 2013 0.48* 1.04*** 0.94*** 0.14 0.81*** 0.71** 0.49* 0.85*** 0.75** 0.13 0.96*** 0.89*** 0.30 1.05*** 0.95*** 0.12 0.90*** 0.83*** 

 (0.28) (0.29) (0.28) (0.24) (0.28) (0.28) (0.28) (0.30) (0.30) (0.20) (0.27) (0.26) (0.20) (0.28) (0.27) (0.20) (0.27) (0.27) 

ln Population density 75 km 0.83*** 0.64*** 0.68*** 0.94*** 0.75*** 0.77*** 0.95*** 0.80*** 0.82*** 0.90*** 0.69*** 0.71*** 0.84*** 0.65*** 0.68*** 0.91*** 0.71*** 0.73*** 

 (0.10) (0.10) (0.10) (0.10) (0.09) (0.10) (0.10) (0.10) (0.11) (0.10) (0.09) (0.10) (0.10) (0.09) (0.10) (0.10) (0.09) (0.10) 

ln Temperature (K)  38.70*** 36.09***  33.44*** 32.12***  24.70** 23.98**  40.37*** 37.91***  39.34*** 35.68***  35.69*** 33.47*** 

  (11.36) (11.18)  (9.34) (9.18)  (11.36) (11.28)  (10.36) (10.21)  (10.78) (10.49)  (9.89) (9.70) 

ln Precipitation (mm)  0.47 0.25  0.29 0.11  0.32 0.14  0.47 0.29  0.50* 0.27  0.37 0.19 

  (0.30) (0.33)  (0.32) (0.33)  (0.31) (0.34)  (0.30) (0.33)  (0.30) (0.33)  (0.30) (0.32) 

% Forest cell   1.13*   0.97   0.91   0.87   1.08   0.95 

   (0.66)   (0.69)   (0.70)   (0.67)   (0.65)   (0.67) 

Nº mammals 0.06 0.20 0.07    -1.44* -0.95 -0.87          

 (0.31) (0.31) (0.30)    (0.73) (0.78) (0.72)          

Nº mammals threatened 0.46 -0.16 -0.15    0.77** 0.28 0.27          

 (0.35) (0.38) (0.37)    (0.31) (0.39) (0.38)          

Nº birds    1.54*** 1.07** 0.89* 3.01*** 2.20* 1.92*          

    (0.46) (0.51) (0.51) (1.04) (1.15) (1.10)          

Nº birds threatened    -1.56** -1.31* -1.28* -1.91*** -1.40* -1.38*          

    (0.69) (0.71) (0.67) (0.64) (0.74) (0.70)          

% species threatened          -10.97** -14.94*** -13.51***       

          (4.50) (4.51) (4.70)       

% mammals threatened             1.36 -1.75 -1.15    

             (1.49) (1.50) (1.50)    

% bird threatened                -23.79*** -20.31** -18.52** 

                (7.98) (9.48) (8.95) 

Constant -3.90 -230.71*** -213.73*** -5.11 -200.17*** -190.24*** -10.75** -153.82** -147.11** 0.59 -238.32*** -223.04*** -1.51 -233.93*** -211.44*** 1.05 -210.48*** -196.61*** 

 (3.05) (64.74) (63.81) (3.57) (53.61) (52.72) (4.85) (64.07) (64.24) (2.01) (59.57) (58.69) (2.03) (62.30) (60.59) (2.01) (56.89) (55.77) 

                   

Observations 108 108 108 108 108 108 108 108 108 108 108 108 108 108 108 108 108 108 

R-squared 0.43 0.53 0.54 0.48 0.56 0.57 0.54 0.57 0.58 0.43 0.56 0.57 0.41 0.53 0.54 0.45 0.56 0.57 

AIC 446.2 430.8 428.6 436.2 422.6 421.2 427.4 423.8 422.8 444.6 419.6 419 448.2 428.4 426.4 439.8 421.4 420.2 

BIC 459.6 449.6 450.1 449.6 441.4 442.7 446.2 447.9 449.6 455.3 435.7 437.8 458.9 444.5 445.2 450.5 437.5 439.0 

RSME 1.96 1.83 1.82 1.86 1.76 1.75 1.81 1.80 1.80 1.93 1.72 1.73 1.96 1.78 1.77 1.89 1.75 1.75 

Robust standard errors in parentheses                              

*** p<0.01, ** p<0.05, * p<0.1               
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Table A7.2: Models including degradation variables for recreational services  (cont.) 

  (37) (38) (39) (40) (41) (42) (43) (44) (45) (46) (47) (48) (49) (50) (51) (52) (53) (54) (55) 

                    

ln GNI per capita PPP 2013 0.22 0.90*** 0.81*** 0.12 0.36 1.13*** 1.05*** 0.15 0.83*** 0.73** 0.49* 0.86*** 0.75** 0.16 0.98*** 0.91*** 0.15 0.93*** 0.85*** 

 (0.21) (0.27) (0.27) (0.25) (0.22) (0.27) (0.27) (0.24) (0.29) (0.28) (0.28) (0.29) (0.29) (0.20) (0.27) (0.26) (0.20) (0.27) (0.27) 

ln Population density 75 km 0.90*** 0.71*** 0.74***  1.12*** 0.87*** 0.86*** 0.93*** 0.73*** 0.75*** 0.94*** 0.78*** 0.80*** 0.88*** 0.67*** 0.70*** 0.90*** 0.69*** 0.71*** 

 (0.10) (0.09) (0.10)  (0.17) (0.15) (0.15) (0.10) (0.09) (0.10) (0.10) (0.10) (0.11) (0.10) (0.09) (0.10) (0.10) (0.09) (0.10) 

ln Temperature (K)  35.30*** 32.18***   36.27*** 34.38***  33.27*** 31.81***  24.17** 23.31**  39.43*** 36.76***  35.02*** 32.67*** 

  (10.50) (10.46)   (10.06) (9.94)  (9.22) (9.02)  (10.95) (10.78)  (10.30) (10.14)  (9.80) (9.60) 

ln Precipitation (mm)  0.37 0.17   0.48 0.34  0.33 0.14  0.34 0.15  0.51 0.32  0.41 0.22 

  (0.30) (0.33)   (0.30) (0.34)  (0.33) (0.34)  (0.32) (0.34)  (0.31) (0.34)  (0.31) (0.33) 

% Forest cell   0.98    0.73   1.06   1.01   0.92   1.00 

   (0.69)    (0.59)   (0.69)   (0.69)   (0.66)   (0.66) 

Forest change 1992 - 2018 (p.p)    6.28* 4.64 4.57* 4.72* 3.61 4.07 4.50* 3.91 3.95 4.41 4.20 3.90 4.14 4.10 4.18 4.39* 

    (3.27) (2.81) (2.49) (2.48) (2.78) (2.68) (2.68) (2.73) (2.67) (2.66) (2.84) (2.53) (2.53) (2.76) (2.57) (2.57) 

Human footprint index    0.09*** -0.07** -0.06** -0.05*             

    (0.03) (0.03) (0.03) (0.03)             

ln Nº mammals           -1.33* -0.85 -0.75       

           (0.72) (0.78) (0.71)       

ln Nº mammals threatened           0.82*** 0.33 0.33       

           (0.29) (0.37) (0.36)       

ln Nº birds        1.46*** 0.96* 0.75 2.76*** 1.96 1.63       

        (0.45) (0.52) (0.52) (1.04) (1.18) (1.13)       

ln Nº birds threatened        -1.53** -1.27* -1.23* -1.94*** -1.42* -1.40**       

        (0.67) (0.71) (0.66) (0.63) (0.73) (0.69)       

% species threatened              -9.92** -13.90*** -12.32**    

              (4.73) (4.72) (4.92)    

% mammals threatened 3.59 0.21 0.66                 

 (2.65) (1.68) (1.61)                 

% bird threatened -29.34*** -20.66** -19.61**              -22.63*** -19.01* -17.08* 

 (9.61) (10.16) (9.30)              (7.93) (9.79) (9.25) 

Constant 0.10 -208.24*** -189.13*** 2.54 -2.27 -217.51*** -205.55*** -4.83 -199.26*** -188.30*** -9.98** -150.29** -142.43** 0.20 -233.50*** -217.03*** 0.71 -207.33*** -192.66*** 

 (2.11) (60.43) (60.32) (2.36) (2.23) (58.20) (57.60) (3.61) (53.03) (51.94) (4.85) (61.85) (61.38) (2.07) (59.22) (58.31) (2.04) (56.40) (55.21) 

                    

Observations 108 108 108 106 106 106 106 108 108 108 108 108 108 108 108 108 108 108 108 

R-squared 0.47 0.56 0.57 0.16 0.46 0.57 0.58 0.49 0.57 0.59 0.55 0.58 0.60 0.44 0.57 0.59 0.47 0.57 0.58 

AIC 437.8 423.4 422 478.2 433.4 412.2 412.4 436.2 421.6 419.8 427 423.2 421.6 444.2 419 417.8 439.4 420.4 418.6 

BIC 451.2 442.2 443.5 488.9 446.7 430.8 433.7 452.3 443.1 443.9 448.5 450.0 451.1 457.6 437.8 439.3 452.8 439.2 440.1 

RSME 2.10 1.84 1.82 2.35 1.89 1.71 1.72 1.86 1.75 1.74 1.80 1.79 1.78 1.93 1.72 1.72 1.88 1.74 1.73 

Robust standard errors in 
parentheses                                       
*** p<0.01, ** p<0.05, * p<0.1                    
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Table A7.3: Regression analysis for habitat and species conservation  

  Full dataset Without influential observations 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) 

                                    

ln GNI per capita PPP 2013 0.84* 0.86* 1.06* 0.31 0.58 0.58 0.76* 0.60 0.76* 0.77* 0.75* 0.80* 0.69 0.73 0.73 0.82 0.75* 

  (0.46) (0.47) (0.54) (0.34) (0.37) (0.38) (0.42) (0.48) (0.43) (0.42) (0.43) (0.43) (0.51) (0.48) (0.50) (0.50) (0.43) 

ln Population density 75 km 0.43** 0.40** 0.44**   0.49*** 0.44** 0.48** 0.33 0.59** 0.53*** 0.65*** 0.54*** 0.49** 0.46** 0.48** 0.52** 0.47** 

  (0.19) (0.18) (0.19)   (0.18) (0.17) (0.19) (0.33) (0.26) (0.18) (0.24) (0.19) (0.19) (0.20) (0.19) (0.21) (0.19) 

ln Temperature (K)     13.86       7.74 8.88 10.66 11.31 7.25 7.67 -4.61 5.50 -0.45 0.19 5.37 

      (16.77)       (13.12) (16.77) (14.33) (13.83) (13.28) (13.15) (19.46) (15.17) (17.52) (17.09) (14.27) 

ln Precipitation (mm)     -1.31*       -0.89* -0.93* -1.07* -1.04* -1.02* -1.06** -1.09* -0.95* -1.05* -0.99* -1.03* 

      (0.66)       (0.50) (0.54) (0.55) (0.53) (0.53) (0.51) (0.55) (0.54) (0.54) (0.54) (0.52) 

ln Study site area (km2)   -0.09 -0.10     -0.15* -0.15* -0.17* -0.16** -0.16** -0.15** -0.16** -0.16** -0.16** -0.16** -0.15* -0.16** 

    (0.09) (0.09)     (0.08) (0.08) (0.09) (0.08) (0.08) (0.08) (0.08) (0.08) (0.08) (0.08) (0.08) (0.08) 

ln Distance closest urban area (km)               -0.13                   

                (0.38)                   

% Urban area 75 km               4.73                   

                (17.53)                   

ln Roads density cell (km/ha)               -2.29                   

                (1.68)                   

ln roads density 400 km (km/ha)               0.64                   

                (4.32)                   

% Forest cover country                 1.53 1.76               

                  (1.54) (1.17)               

ln Forest per capita country                 0.09   0.23             

                  (0.29)   (0.22)             

% Forest cell                       0.74           

                        (0.78)           

ln Species richness                         0.94         

                          (0.94)         

ln Nº mammals                           0.22   -0.76   

                            (0.73)   (1.05)   

ln Nº birds                             0.82 1.51   

                              (0.93) (1.32)   

NDVI                                 2.74 

                                  (4.04) 

Constant -4.91 -4.31 -75.79 2.05 -2.37 -1.09 -40.74 -43.92 -56.49 -60.71 -36.45 -40.18 25.93 -28.11 2.72 -3.13 -26.94 

  (4.82) (5.26) (96.01) (3.51) (3.91) (4.03) (74.94) (95.61) (82.13) (78.96) (75.68) (75.21) (109.03) (86.87) (98.23) (95.80) (81.55) 

                                    

Observations 76 76 76 73 73 73 73 73 73 73 73 73 73 73 73 73 73 

R-squared 0.12 0.13 0.21 0.02 0.14 0.18 0.23 0.26 0.25 0.25 0.24 0.24 0.25 0.23 0.24 0.25 0.24 

AIC 353.6 354.4 351.2 327.2 319.8 317.6 317.4 322.4 319.4 317.4 318.6 318.4 317.8 319.4 318 319.2 318.6 

BIC 360.6 363.7 365.2 331.8 326.7 326.8 331.1 345.3 337.7 333.4 334.6 334.4 333.8 335.4 334.0 337.5 334.6 

RMSE 2.55 2.59 2.57 2.28 2.19 2.17 2.20 2.37 2.23 2.19 2.21 2.21 2.28 2.27 2.29 2.32 2.25 

Robust standard errors in parentheses                  
*** p<0.01, ** p<0.05, * p<0.1                  
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Figure A7.2: Leverage analysis regression analysis for habitat and species conservation 

 
Note: Green circles indicate observations that has been removed. Red lines are the mean 

values for leverage and normalized residual square. 
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Table A7.4: Models including degradation variables for habitat and species protection  

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (12) (13) (14) (15) 

                           

ln GNI per capita PPP 2013 0.58 0.76* 0.563 0.504 0.764* 0.579 0.770* 0.569 0.737* 0.551 0.763* 0.603 0.754* 

 (0.38) (0.42) (0.383) (0.394) (0.428) (0.379) (0.424) (0.349) (0.424) (0.373) (0.417) (0.383) (0.440) 

ln Population density 75 km 0.44** 0.48** 0.432** 0.466** 0.476** 0.440** 0.473** 0.425** 0.470** 0.336 0.387 0.532** 0.567** 

 (0.17) (0.19) (0.180) (0.176) (0.199) (0.175) (0.192) (0.176) (0.193) (0.253) (0.277) (0.200) (0.214) 

ln Temperature (K)  7.74   7.720  8.276  6.638  9.333  5.722 

  (13.12)   (13.21)  (13.67)  (14.14)  (14.08)  (13.85) 

ln Precipitation (mm)  -0.89*   -0.890*  -0.891*  -0.805  -0.868*  -0.861 

  (0.50)   (0.505)  (0.505)  (0.610)  (0.487)  (0.529) 

ln Study site area (km2) -0.15* -0.15* -0.148* -0.152* -0.154* -0.147* -0.153* -0.157** -0.157** -0.145* -0.150* -0.156* -0.163* 

 (0.08) (0.08) (0.0773) (0.0763) (0.0783) (0.0775) (0.0777) (0.0776) (0.0782) (0.0790) (0.0803) (0.0824) (0.0826) 

% Forest cover country    1.233          

    (1.200)          

NDVI trend 1982 - 2018   49.12 102.9 -2.508         

   (211.7) (207.2) (208.0)         

Forest change 1992 - 2018 (p.p)      -0.690 -0.619       

      (1.884) (2.275)       

Biodiversity intactness        -3.626 -1.102     

        (3.216) (3.939)     

Human modification index          1.284 0.942   

          (2.177) (2.134)   

Human footprint index            -0.0323 -0.0288 

            (0.0525) (0.0511) 

Constant -1.09 -40.74 -0.925 -0.920 -40.62 -1.086 -43.82 2.398 -33.79 -0.793 -49.84 -1.292 -29.42 

 (4.03) (74.94) (4.072) (4.166) (75.46) (4.060) (78.10) (4.313) (81.30) (3.991) (80.20) (4.079) (79.09) 

              

Observations 73 73 73 73 73 73 73 73 73 73 73 73 73 

R-squared 0.18 0.23 0.184 0.195 0.228 0.184 0.228 0.201 0.229 0.190 0.231 0.189 0.232 

AIC 317.6 317.4 319.6 320.6 319.4 319.6 319.4 318 319.4 319 319.2 319 319 

BIC 326.8 331.1 331.1 334.3 335.4 331.1 335.4 329.5 335.4 330.5 335.2 330.5 335.0 

RSME 2.17 2.20 2.19 2.20 2.22 2.18 2.22 2.18 2.24 2.21 2.24 2.20 2.24 

Robust standard errors in parentheses                           

*** p<0.01, ** p<0.05, * p<0.1              
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Table A7.4: Models including degradation variables for habitat and species protection (cont.) 

  (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) (31) 

                                 
ln GNI per capita PPP 2013 0.566 0.696 0.506 0.735 0.596 0.731 0.669 0.847* 0.552 0.750* 0.433 0.702 0.573 0.746* 0.451 0.728 

 (0.393) (0.517) (0.443) (0.483) (0.382) (0.504) (0.461) (0.505) (0.390) (0.437) (0.472) (0.481) (0.381) (0.431) (0.476) (0.476) 

ln Population density 75 km 0.436** 0.489** 0.463** 0.450** 0.427** 0.481** 0.493** 0.501** 0.474** 0.490** 0.456** 0.450** 0.450** 0.496** 0.458** 0.484** 

 (0.194) (0.188) (0.206) (0.210) (0.190) (0.194) (0.208) (0.237) (0.180) (0.200) (0.176) (0.200) (0.177) (0.201) (0.179) (0.216) 

ln Temperature (K)  -5.213  9.518  -0.447  5.000  9.007  12.39  6.836  8.595 

  (19.81)  (17.74)  (17.66)  (24.02)  (13.31)  (13.57)  (13.61)  (14.80) 

ln Precipitation (mm)  -1.100*  -0.877  -1.051*  -0.892  -0.812  -0.788  -0.922*  -0.882 

  (0.566)  (0.578)  (0.545)  (0.642)  (0.494)  (0.530)  (0.493)  (0.560) 

ln Study site area (km2) -0.157* -0.162* -0.160* -0.161** -0.144* -0.159* -0.133 -0.141* -0.179** -0.179** -0.165** -0.161** -0.161** -0.172** -0.169** -0.171** 

 (0.0811) (0.0809) (0.0803) (0.0793) (0.0790) (0.0798) (0.0811) (0.0822) (0.0827) (0.0820) (0.0801) (0.0779) (0.0803) (0.0811) (0.0824) (0.0822) 

ln Species richness 0.297 0.895               

 (1.025) (1.062)               
ln Nº species threatened -0.251 0.0805               

 (0.842) (0.734)               
ln Nº mammals   0.108 0.267   -0.895 -0.734         

   (0.781) (0.764)   (1.149) (1.118)         
ln Nº mammals threatened   -0.303 -0.182   -0.452 -0.204         

   (0.440) (0.547)   (0.463) (0.720)         
ln Nº birds     0.0599 0.821 1.104 1.318         

     (1.066) (1.160) (1.394) (1.641)         
ln Nº birds threatened     0.114 -0.00178 0.632 0.300         

     (1.050) (0.940) (1.065) (1.251)         
% species threatened         -14.35* -12.59       

         (8.214) (8.426)       
% mammals threatened           -5.233 -4.173   -4.459 -1.443 

           (5.338) (6.161)   (5.525) (6.934) 

% bird threatened             -11.56 -13.82 -5.481 -11.50 

             (18.06) (16.19) (19.03) (20.53) 

Constant -1.917 29.43 -0.458 -51.29 -1.788 2.717 -5.428 -30.69 -0.0690 -47.60 0.752 -66.71 -0.483 -34.60 0.766 -44.61 

 (5.225) (111.1) (4.076) (101.7) (5.336) (98.96) (6.347) (135.2) (4.260) (76.10) (5.168) (77.00) (4.232) (77.87) (5.141) (84.22) 

                 
Observations 73 73 73 73 73 73 73 73 73 73 73 73 73 73 73 73 

R-squared 0.186 0.246 0.194 0.231 0.185 0.243 0.219 0.252 0.218 0.253 0.203 0.236 0.193 0.241 0.204 0.242 

AIC 321.4 319.8 320.6 321.2 321.4 320 322.4 323.2 316.4 317 317.8 318.8 318.6 318.2 319.6 320.2 

BIC 335.1 338.1 334.3 339.5 335.1 338.3 340.7 346.1 327.9 333.0 329.3 334.8 330.1 334.2 333.3 338.5 

RSME 2.32 2.35 2.29 2.32 2.31 2.37 2.40 2.46 2.23 2.27 2.23 2.26 2.33 2.31 2.38 2.38 

Robust standard errors in parentheses                                 

*** p<0.01, ** p<0.05, * p<0.1                 
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Table A7.5: Regression analysis for Non-wood forest products 

  Full dataset Without influential observations 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) 
                                      

ln GNI per capita PPP 2013 -0.66*** -0.62** -0.68** -0.82*** -0.82*** -0.93*** -0.83*** -1.03*** -0.79*** -0.93*** -0.80*** -0.81*** -0.81*** -0.91*** -0.71*** -0.80*** -0.67*** -0.76*** 

  (0.23) (0.28) (0.32) (0.20) (0.18) (0.19) (0.20) (0.20) (0.22) (0.24) (0.24) (0.20) (0.22) (0.19) (0.23) (0.19) (0.22) (0.20) 

ln Population density cell 0.41** 0.43*** 0.42** 0.39*** 0.51*** 0.52*** 0.54*** 0.56*** 0.52*** 0.54*** 0.51*** 0.57*** 0.51*** 0.52*** 0.52*** 0.55*** 0.54*** 0.56*** 

  (0.17) (0.15) (0.18) (0.13) (0.09) (0.11) (0.15) (0.14) (0.15) (0.14) (0.09) (0.11) (0.09) (0.12) (0.08) (0.11) (0.10) (0.12) 

% Forest cover country   2.88 3.20*   3.82** 4.07*** 3.90** 4.49** 3.71* 4.13** 3.79** 3.67** 3.79** 3.80** 3.49** 3.44** 3.43** 3.40** 

    (1.88) (1.62)   (1.58) (1.42) (1.83) (1.71) (1.98) (1.83) (1.49) (1.53) (1.47) (1.50) (1.58) (1.49) (1.46) (1.46) 

ln PA size (km2)   -0.20** -0.22**   -0.15** -0.16** -0.16** -0.19*** -0.19*** -0.20** -0.15** -0.18** -0.15** -0.19** -0.14** -0.17** -0.12* -0.15** 

    (0.08) (0.09)   (0.06) (0.07) (0.06) (0.07) (0.07) (0.07) (0.06) (0.08) (0.06) (0.08) (0.06) (0.07) (0.06) (0.07) 

ln Temperature (K)    0.38    -9.89  -11.56  -5.98  -28.34**  -20.76*  -25.55**  -22.62** 

     (15.49)    (8.33)  (8.13)  (10.91)  (13.46)  (11.08)  (10.13)  (9.47) 

ln Precipitation (mm)    -0.38    0.10  -0.10  -0.13  -0.39  -0.27  -0.34  -0.20 

     (0.74)    (0.53)  (0.49)  (0.50)  (0.73)  (0.66)  (0.65)  (0.57) 

ln roads density 75 km (km/ha)          -1.13 -2.29 -0.65 -1.70          

           (3.38) (2.99) (3.38) (2.98)          

% Urban area 75 km          4.01 13.19 3.54 8.46          

           (12.39) (10.29) (12.18) (13.36)          

NDVI            -3.19 -1.72          

             (2.16) (2.96)          

ln Species richness              0.05 1.78*        

               (0.56) (1.04)        

ln Nº mammals                0.04 1.04   -1.82 -0.93 

                 (0.48) (0.68)   (1.17) (0.89) 

ln Nº birds                  0.49 1.89** 2.51* 2.71* 

                   (0.56) (0.84) (1.29) (1.39) 

Constant 7.71*** 7.29*** 8.56 9.38*** 8.35*** 64.60 8.55*** 76.67 9.41*** 45.01 7.90 161.07** 8.07** 124.36* 4.59 144.87** 0.72 126.29** 

  (2.22) (1.88) (86.04) (2.04) (1.44) (48.09) (1.58) (46.19) (1.56) (61.25) (5.02) (74.98) (3.51) (63.85) (4.48) (57.25) (3.96) (52.63) 

                        

Observations 49 49 49 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 

R-squared 0.30 0.48 0.48 0.43 0.64 0.65 0.64 0.66 0.66 0.66 0.64 0.69 0.64 0.67 0.65 0.71 0.67 0.71 

AIC 212.6 201.88 205.44 181.6 164.26 166.44 168.02 169.42 167.5 171.22 166.26 163.92 166.26 165.76 165.3 160.74 163.68 161.86 

BIC 218.3 211.3 218.7 187.1 173.4 179.2 180.8 185.9 182.1 189.5 177.2 178.5 177.2 180.4 176.3 175.4 176.5 178.3 

RMSE 2.17 1.96 2.14 1.73 1.48 1.56 1.61 1.67 1.63 1.73 1.54 1.59 1.54 1.61 1.54 1.50 1.53 1.66 

Robust standard errors in parentheses                   
*** p<0.01, ** p<0.05, * p<0.1                   
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Figure A7.3: Leverage analysis regression analysis for non-wood forest products 

 
Note: Green circles indicate observations that has been removed. Red lines are the mean 

values for leverage and normalized residual square. 
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Table A7.6: Models including degradation variables for non-wood forest products  

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) 

                                         

ln GNI per capita PPP 2013 -0.82*** -0.85*** -0.98*** -0.81*** -0.83*** -0.95*** -0.82*** -0.83*** -0.93*** -0.85*** -0.83*** -1.01*** -0.76*** -0.89*** -1.07*** -0.85*** -0.96*** -0.94*** -0.87** -0.94*** 

 (0.28) (0.22) (0.22) (0.20) (0.19) (0.19) (0.20) (0.19) (0.18) (0.23) (0.19) (0.22) (0.25) (0.23) (0.24) (0.29) (0.25) (0.24) (0.32) (0.25) 

ln Population density cell 0.39** 0.49*** 0.50*** 
0.38**
* 

0.52**
* 

0.53**
* 

0.39**
* 0.49*** 

0.52**
* 0.28 0.47** 0.37* 0.48* 

0.43**
* 0.39** 0.53*** 

0.56**
* 

0.60**
* 

0.38**
* 

0.45**
* 

 (0.15) (0.10) (0.12) (0.13) (0.10) (0.12) (0.13) (0.09) (0.11) (0.33) (0.19) (0.19) (0.25) (0.14) (0.16) (0.12) (0.09) (0.11) (0.12) (0.12) 

% Forest country  3.83** 4.07***  3.96** 4.30**  3.94** 

4.18**

*  3.89** 

4.35**

*  4.13** 

4.64**

*  3.09** 3.12**  3.15* 

  (1.59) (1.43)  (1.76) (1.58)  (1.51) (1.38)  (1.60) (1.44)  (1.77) (1.58)  (1.49) (1.46)  (1.61) 

ln PA size (km2)  -0.15** -0.16**  -0.15** -0.16**  -0.17** -0.17**  -0.15** -0.15*  -0.15** -0.16**  -0.14** -0.16**  -0.17** 

  (0.06) (0.07)  (0.06) (0.07)  (0.06) (0.07)  (0.07) (0.08)  (0.06) (0.07)  (0.06) (0.07)  (0.06) 

ln Temperature (K)   -10.61   -10.23   -12.43   -12.20   -11.89   -21.11   

    (8.47)   (8.27)   (8.27)   (7.80)   (7.89)   (12.94)   

ln Precipitation (mm)   0.18   0.07   0.39   0.20   0.11   -0.26   

   (0.57)   (0.53)   (0.51)   (0.53)   (0.54)   (0.71)   

NDVI trend 1982-2018 6.30 62.57 123.64                  

 

(393.73

) 

(211.01

) 

(191.69

)                  
Forest change 1982 - 2018 

(p.p)    -1.37 0.67 1.04               

    (2.20) (1.09) (0.79)               

Biodiversity intactness       0.08 -3.73* -4.85**            

       (3.98) (1.99) (2.06)            

Human modification index          1.31 0.52 1.91         

          (3.43) (1.94) (1.87)         

Human footprint index             -0.02 0.02 0.04*      

             (0.05) (0.02) (0.02)      

ln Species richness                2.07** 1.06 2.17*   

                (0.75) (0.67) (1.20)   

ln Species threatened                

-
1.74*** -1.32* -1.11*   

                (0.60) (0.66) (0.63)   

ln Nº mammals                   1.24 0.61 

                   (0.80) (0.63) 

ln Nº mammals threatened                   -0.72 -0.64 

                   (0.54) (0.48) 

Constant 9.41*** 8.63*** 68.57 
9.31**
* 

8.35**
* 66.85 9.30* 

12.06**
* 81.44 

9.66**
* 

8.45**
* 77.43 

8.73**
* 

8.88**
* 76.95 1.78 7.15* 121.21 5.67 8.43** 

 (2.87) (1.70) (48.78) (2.02) (1.44) (47.69) (4.55) (2.39) (48.39) (2.37) (1.47) (45.72) (2.66) (1.75) (45.83) (5.63) (4.17) (71.84) (4.41) (3.18) 

                     

Observations 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 

R-squared 0.43 0.64 0.66 0.43 0.64 0.66 0.43 0.65 0.67 0.43 0.64 0.66 0.43 0.64 0.66 0.58 0.71 0.73 0.50 0.68 

AIC 183.6 166.2 168.22 183.3 166.16 168.2 183.6 164.44 165.6 183.38 166.22 167.86 183.28 165.9 167.38 171.22 158.96 159.08 179.62 163.36 

BIC 190.9 177.2 182.8 190.6 177.1 182.8 190.9 175.4 180.2 190.7 177.2 182.5 190.6 176.9 182.0 180.4 171.8 175.5 188.8 176.2 

RMSE 1.79 1.52 1.59 1.94 1.51 1.57 1.80 1.48 1.52 1.81 1.51 1.58 1.79 1.50 1.55 1.67 1.49 1.61 1.93 1.64 

Robust standard errors in parentheses                   

*** p<0.01, ** p<0.05, * p<0.1                     
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Table A7.6: Models including degradation variables for non-wood forest products (cont.) 

  (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) (31) (32) (33) (34) (35) (36) (37) (38) (39) 

                                       
ln GNI per capita PPP 2013 -0.96*** -0.75*** -0.86*** -0.93*** -0.72** -0.85*** -0.91*** -1.02*** -0.94*** -1.02*** -1.13*** -1.06*** -1.08*** -0.83*** -0.83*** -1.00*** -0.95*** -1.01*** -1.06*** 

 (0.24) (0.21) (0.21) (0.22) (0.26) (0.23) (0.24) (0.24) (0.20) (0.23) (0.30) (0.25) (0.24) (0.18) (0.17) (0.21) (0.28) (0.24) (0.23) 

ln Population density cell 0.48*** 0.58*** 0.61*** 0.60*** 0.56*** 0.57*** 0.63*** 0.49*** 0.55*** 0.55*** 0.36*** 0.46*** 0.49*** 0.52*** 0.56*** 0.54*** 0.49*** 0.50*** 0.51*** 

 (0.13) (0.09) (0.07) (0.10) (0.11) (0.11) (0.12) (0.12) (0.09) (0.10) (0.12) (0.11) (0.12) (0.10) (0.08) (0.09) (0.10) (0.10) (0.10) 

% Forest country 3.29*  3.03* 3.05**  2.85* 3.16**  2.87* 3.10**  3.19** 3.24**  2.91* 3.20**  2.87* 3.05** 

 (1.64)  (1.48) (1.33)  (1.49) (1.41)  (1.58) (1.46)  (1.53) (1.45)  (1.61) (1.44)  (1.57) (1.48) 

ln PA size (km2) -0.18**  -0.10* -0.14**  -0.10 -0.13**  -0.13** -0.14**  -0.16** -0.15**  -0.12* -0.14**  -0.14** -0.15** 

 (0.07)  (0.06) (0.06)  (0.07) (0.06)  (0.06) (0.06)  (0.06) (0.06)  (0.06) (0.06)  (0.06) (0.06) 

ln Temperature (K) -14.14   -20.59**   -21.08**   -7.58   -6.13   -9.07   -7.01 

  (11.39)   (9.66)   (9.30)   (7.83)   (8.00)   (8.13)   (8.25) 

ln Precipitation (mm) 0.02   -0.54   -0.59   0.06   0.32   -0.28   0.03 

 (0.57)   (0.65)   (0.83)   (0.54)   (0.47)   (0.64)   (0.73) 

ln Nº mammals 1.06    -1.69 -1.15 -0.53             

 (0.67)    (1.00) (1.02) (0.92)             

ln Nº mammals threatened -0.49    -0.18 -0.26 0.17             

 (0.49)    (0.46) (0.42) (0.52)             

ln Nº birds  2.08*** 1.18** 2.37** 3.89*** 2.52** 2.91*             

  (0.64) (0.54) (1.01) (1.24) (1.14) (1.54)             

ln Nº birds threatened  -2.18*** -1.63* -1.47* -1.78** -1.24 -1.60             

  (0.60) (0.84) (0.82) (0.66) (0.81) (1.04)             

% species threatened        -36.37*** -25.11** -24.08*          

        (10.87) (11.83) (12.15)          

% mammals threatened           -11.32** -10.07* -9.91*    -4.40 -7.60* -6.40 

           (5.43) (4.94) (4.96)    (5.63) (4.31) (5.29) 

% birds threatened              -44.73*** -27.49* -30.24* -38.13*** -14.26 -16.77 

              (10.01) (13.87) (16.99) (10.62) (10.56) (19.52) 

Constant 86.25 1.59 5.68 120.14** -2.03 2.81 122.12** 12.54*** 10.77*** 53.93 13.11*** 11.81*** 44.24 10.83*** 9.49*** 64.72 12.07*** 11.55*** 51.50 

 (65.05) (4.88) (3.72) (52.77) (5.92) (4.06) (52.09) (2.57) (2.02) (44.45) (3.22) (2.55) (45.36) (1.78) (1.45) (46.49) (2.92) (2.45) (47.71) 

                    
Observations 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 46 

R-squared 0.69 0.62 0.71 0.75 0.65 0.73 0.76 0.58 0.70 0.71 0.51 0.71 0.71 0.59 0.69 0.71 0.60 0.72 0.72 

AIC 165.44 166.68 158.5 154.68 166.88 159.24 158.16 169.68 157.36 160.06 175.98 156.78 159.74 167.96 159.42 160.44 168.86 157.28 160.18 

BIC 181.9 175.8 171.3 171.1 179.7 175.7 178.3 177.0 168.3 174.7 183.3 167.8 174.4 175.3 170.4 175.1 178.0 170.1 176.6 

RMSE 1.72 1.56 1.49 1.55 1.76 1.67 1.92 1.57 1.43 1.53 1.70 1.44 1.52 1.52 1.46 1.57 1.59 1.46 1.61 

Robust standard errors in parentheses                  

*** p<0.01, ** p<0.05, * p<0.1                 
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Table A7.7: Regression analysis for water services 
  Full dataset Without influential observations 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) 

                                    

ln GNI per capita PPP 2013 1.63** 
1.48*
* 2.09*** 1.92*** 1.91*** 

1.64**
* 2.40*** 2.45*** 2.40*** 2.37*** 2.42*** 2.40*** 2.47*** 2.31*** 2.34*** 2.38*** 2.37*** 

  (0.63) (0.61) (0.57) (0.51) (0.53) (0.47) (0.37) (0.44) (0.37) (0.40) (0.38) (0.42) (0.46) (0.43) (0.47) (0.39) (0.34) 

ln Population density 75 km -0.18 -0.39 -0.88**  0.06 -0.30 -1.13** -0.90 -1.13** -1.14** -1.13** -1.15** -1.22** -1.30** -1.35** -1.03** -0.94 

  (0.33) (0.43) (0.41)  (0.43) (0.44) (0.51) (0.57) (0.51) (0.52) (0.54) (0.53) (0.56) (0.50) (0.56) (0.48) (0.55) 

% Forest cell   -2.18 -1.23   -3.67** -2.70** -2.49* -2.70** -2.52* -2.77** -2.52* -2.43* -3.26** -3.48* -2.68** -2.65** 

    (2.12) (1.89)   (1.49) (1.22) (1.21) (1.22) (1.23) (1.26) (1.23) (1.30) (1.50) (1.79) (1.20) (1.24) 

ln Distance closest urban area 

(km)   -0.16 -1.49**   -0.12 -1.22** -1.46*** -1.22** -1.27** -1.18* -1.27** -1.26** -0.81 -0.79 -1.11* -1.21** 

    (0.69) (0.66)   (0.62) (0.55) (0.46) (0.55) (0.58) (0.58) (0.56) (0.47) (0.58) (0.61) (0.63) (0.56) 

ln Temperature (K)    76.83***    70.73*** 67.98** 70.73*** 78.36*** 65.66*** 78.49*** 75.35*** 60.05** 62.32*** 68.17** 65.95*** 

     (26.15)    (23.02) (24.36) (23.02) (23.05) (20.56) (23.24) (21.18) (24.96) (21.32) (25.35) (22.41) 

ln Precipitation (mm)    -0.61    -0.21 -0.38 -0.21 -0.26 -0.17 -0.25 -0.17 0.19 0.32 -0.19 -0.24 

     (1.06)    (1.21) (1.27) (1.21) (1.19) (1.24) (1.21) (1.32) (1.17) (1.30) (1.16) (1.27) 

% Urban area 75 km          -17.37           

           (21.86)           

ln Roads density cell (km/ha)          0.10           

           (2.97)           

ln roads density 75 km (km/ha)                     

                      

% Forest cover country                 -1.20    

                  (2.79)    

ln Forest per capita country                -0.60 -0.56    

                 (0.38) (0.36)    

NDVI                  3.23   

                   (5.41)   

ln Species richness            -0.44         

             (0.72)         

ln Nº mammals             0.29  1.05      

              (0.74)  (0.98)      

ln Nº birds              -0.48 -1.43      

               (0.62) (0.98)      

ln PA size (km2)                   -0.09 

                    (0.10) 

Constant 
-

11.39* -7.46 

-

440.37*** 

-

15.18*** 

-

15.38*** -8.84 

-

410.37*** 

-

394.26*** 

-

410.37*** 

-

450.28*** 

-

383.35*** 

-

451.36*** 

-

433.83*** 

-

354.35** 

-

367.51*** 

-

397.36*** 

-

383.06*** 

  (6.21) (7.52) (145.67) (4.97) (5.10) (5.54) (125.25) (133.98) (125.25) (124.93) (111.85) (125.90) (113.95) (137.10) (117.64) (136.72) (120.66) 

                      

Observations 32 32 32 27 27 27 27 27 27 27 27 27 27 27 27 27 27 

R-squared 0.26 0.32 0.47 0.45 0.45 0.60 0.74 0.75 0.74 0.74 0.74 0.74 0.76 0.77 0.77 0.75 0.75 

AIC 157.4 158.8 154.7 121.22 123.2 118.8 111.14 113.8 111.14 112.8 112.88 112.72 112.84 110.08 111.8 112.5 112.42 

BIC 161.8 166.1 164.9 123.8 127.1 125.3 120.2 125.5 120.2 123.2 123.2 123.1 124.5 120.4 123.5 122.9 122.8 

RMSE 2.95 3.14 3.04 2.35 2.48 2.27 1.93 2.33 1.93 2.01 2.06 2.05 2.16 1.92 2.21 2.15 2.00 

Robust standard errors in parentheses                
*** p<0.01, ** p<0.05, * p<0.1 
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Figure A7.4: Leverage analysis regression analysis for water services 

 
Note: Green circles indicate observations that has been removed. Red lines are the mean 

values for leverage and normalized residual square. 
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Table A7.8: Models including degradation variables for water services 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

                         

ln GNI per capita PPP 2013 1.82*** 2.46*** 1.65*** 2.39*** 1.65*** 2.40*** 1.75*** 2.43*** 1.55*** 2.34*** 1.60*** 2.07*** 

 (0.46) (0.35) (0.54) (0.42) (0.49) (0.38) (0.46) (0.37) (0.45) (0.47) (0.51) (0.40) 

ln Temperature (K)  69.78***  70.89***  70.50***  65.52**  67.71**  78.94*** 

   (23.10)  (23.64)  (23.18)  (29.69)  (25.06)  (25.28) 

ln Precipitation (mm)  -0.35  -0.22  -0.20  -0.11  -0.21  -0.21 

  (1.38)  (1.24)  (1.20)  (1.28)  (1.26)  (1.16) 

% Forest cell -3.94** -2.87** -3.65* -2.73* -3.44* -2.67* -3.39** -2.64** -3.60** -2.72** -3.28** -1.94* 

 (1.43) (1.18) (1.77) (1.35) (1.92) (1.41) (1.38) (1.22) (1.52) (1.29) (1.35) (1.10) 

ln Population density 75 km -0.38 -1.12** -0.29 -1.14** -0.23 -1.12* -0.64 -1.27** -0.53 -1.15** -0.36 -1.06** 

 (0.44) (0.52) (0.50) (0.54) (0.57) (0.59) (0.58) (0.58) (0.47) (0.52) (0.46) (0.49) 

ln Distance closest urban area (km) -0.28 -1.30** -0.11 -1.23** -0.05 -1.20* 0.75 -0.70 0.61 -0.96 -0.18 -1.19** 

 (0.71) (0.61) (0.66) (0.56) (0.73) (0.69) (0.84) (1.13) (0.84) (0.91) (0.62) (0.58) 

NDVI trend 1982-2018 -385.84 -264.89           

 (398.73) (324.74)           
Forest change 1982 - 2018 (p.p)   -0.08 0.22         

   (1.98) (1.74)         
Biodiversity intactness     -2.12 -0.29       

     (7.15) (6.36)       
Human modification index       5.62 2.90     

       (4.41) (4.79)     
Human footprint index         0.11 0.03   

         (0.08) (0.07)   
ln Species richness           1.10 -0.37 

           (0.93) (0.84) 

ln Species threatened           -0.89 -0.96 

           (0.65) (0.64) 

ln Nº mammals             
             
ln Nº mammals threatened             
             
ln Nº birds             
             
ln Nº birds threatened             
             
% species threatened             
             
% mammals threatened             
             
% birds threatened             
             
Constant -9.54* -404.17*** -8.93 -410.98*** -7.48 -408.94*** -12.30** -383.29** -9.78* -393.37*** -12.28 -449.65*** 

 (4.83) (124.27) (7.10) (128.61) (6.18) (126.32) (5.10) (160.70) (4.95) (137.55) (8.45) (136.64) 
             
Observations 27 27 27 27 27 27 27 27 27 27 27 27 

R-squared 0.62 0.75 0.60 0.74 0.60 0.74 0.63 0.75 0.63 0.74 0.65 0.77 

AIC 119.4 112.2 120.8 113.14 120.66 113.14 118.54 112.3 118.72 112.94 119.3 111.9 

BIC 127.2 122.6 128.6 123.5 128.4 123.5 126.3 122.7 126.5 123.3 128.4 123.6 

RMSE 2.42 2.04 2.38 2.34 2.41 2.08 2.27 2.12 2.33 2.04 2.39 2.06 

Robust standard errors in parentheses             
*** p<0.01, ** p<0.05, * p<0.1             

Table A7.8: Models including degradation variables for water services (cont.) 

  (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) 
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ln GNI per capita PPP 2013 1.74*** 2.21*** 1.70*** 2.16*** 2.10*** 2.52*** 1.60*** 2.38*** 1.46*** 2.29*** 1.65*** 2.34*** 1.65** 2.31*** 

 (0.51) (0.46) (0.46) (0.38) (0.58) (0.46) (0.46) (0.38) (0.49) (0.45) (0.45) (0.36) (0.60) (0.50) 

ln Temperature (K)  65.86***  87.56***  87.70***  69.00***  67.94***  67.18**  66.94** 

   (22.38)  (18.66)  (13.91)  (24.65)  (24.18)  (24.29)  (24.99) 
ln Precipitation (mm)  0.00  -0.91  -1.42*  -0.19  -0.11  -0.29  -0.23 

  (1.32)  (0.85)  (0.71)  (1.24)  (1.25)  (1.16)  (1.11) 
% Forest cell -3.59** -2.68** -3.36** -1.76 -3.09** -1.42 -3.65** -2.72** -3.53** -2.67** -3.73** -2.76** -3.73** -2.73* 

 (1.37) (1.26) (1.37) (1.06) (1.27) (0.95) (1.47) (1.28) (1.48) (1.29) (1.44) (1.26) (1.42) (1.35) 
ln Population density 75 km -0.45 -1.10* -0.35 -0.96** -0.56 -1.02** -0.26 -1.10** -0.29 -1.12** -0.29 -1.05** -0.29 -1.07** 

 (0.45) (0.55) (0.45) (0.40) (0.47) (0.42) (0.45) (0.53) (0.46) (0.54) (0.43) (0.49) (0.44) (0.49) 
ln Distance closest urban area (km) -0.25 -1.16* -0.15 -1.24** -0.20 -1.25*** -0.05 -1.17* -0.11 -1.17* -0.06 -1.12* -0.06 -1.13* 

 (0.53) (0.58) (0.63) (0.53) (0.53) (0.43) (0.62) (0.62) (0.58) (0.58) (0.62) (0.60) (0.62) (0.59) 
NDVI trend 1982-2018               
               
Forest change 1982 - 2018 (p.p)               
               
Biodiversity intactness               
               
Human modification index               
               
Human footprint index               
               
ln Species richness               
               
ln Species threatened               
               
ln Nº mammals 1.10 0.29   1.67 1.48*         

 (0.72) (0.75)   (1.20) (0.83)         
ln Nº mammals threatened -0.19 -0.36   0.46 0.65*         

 (0.46) (0.44)   (0.58) (0.32)         
ln Nº birds   1.11 -0.31 -0.47 -1.63*         

   (0.79) (0.64) (1.11) (0.87)         
ln Nº birds threatened   -1.39** -1.63** -1.92** -2.39***         

   (0.64) (0.73) (0.84) (0.84)         
% species threatened       -8.83 -2.14       

       (8.68) (8.31)       
% mammals threatened         -5.15 -3.17   -0.00 -1.29 

         (5.59) (5.86)   (9.87) (10.77) 
% birds threatened           -17.26 -8.28 -17.26 -6.20 

           (13.31) (14.21) (20.59) (24.34) 
Constant -13.33* -383.40*** -12.39* -494.39*** -13.50** -493.35*** -8.31 -400.52*** -6.76 -394.00*** -8.40 -389.21*** -8.40 -387.90*** 

 (6.73) (122.04) (6.52) (100.72) (6.54) (74.55) (5.41) (134.50) (5.45) (131.45) (5.25) (132.79) (6.59) (136.61) 

Observations 27 27 27 27 27 27 27 27 27 27 27 27 27 27 
R-squared 0.65 0.75 0.67 0.81 0.72 0.85 0.62 0.74 0.61 0.74 0.63 0.75 0.63 0.75 
AIC 119.36 114.1 117.36 106.88 117.1 104.18 119.62 113.04 119.78 112.58 118.5 112.42 120.5 114.38 
BIC 128.4 125.8 126.4 118.5 128.8 118.4 127.4 123.4 127.6 122.9 126.3 122.8 129.6 126.0 

RMSE 2.27 2.12 2.33 1.98 2.35 1.97 2.72 2.35 2.34 2.05 2.48 2.24 2.68 2.59 

Robust standard errors in parentheses               
*** p<0.01, ** p<0.05, * p<0.1               
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Table A7.9: Descriptive statistics world grid for 2018 
Variable Obs Mean Std. Dev. Min Median Max 

Continent 

Africa (0/1) 1,213,809 0.13 0.34 0 0 1 

America (0/1) 1,213,809 0.36 0.48 0 0 1 

Asia (0/1) 1,213,809 0.13 0.33 0 0 1 

Europe (0/1) 1,213,809 0.34 0.47 0 0 1 

Oceania (0/1) 1,213,809 0.04 0.21 0 0 1 

GNI per capita (USD PPP 2013) 1,213,764 26,513 17,302 232 25,650 200,000 

Income level 

High (0/1) 1,213,455 0.32 0.46 0 0 1 

Middle (0/1) 1,213,455 0.61 0.49 0 1 1 

Low (0/1) 1,213,455 0.08 0.27 0 0 1 

Population 

density 

(People/Km2) 

Cell 1,212,271 48.23 321.80 0.00 1.53 48,702.02 

75km buffer 1,213,809 48.66 137.27 0.00 4.02 3,958.14 

400km buffer 1,213,809 49.94 97.26 0.00 10.10 1,089.12 

Roads density 

(Km 

roads/Km2) 

Cell 1,213,809 0.19 0.24 0 0 0.92 

75km buffer 1,213,809 0.19 0.14 0 0.19 0.57 

400km buffer 1,213,809 0.19 0.13 0 0.19 0.5 

% urban area 

Cell 1,213,809 0.01 0.04 0 0 1 

75km buffer 1,213,809 9,610.20 28,570.23 0.00 597.33 590,000.00 

400km buffer 1,213,809 230,000.00 450,000.00 0.00 56,073.26 4,000,000.00 

Distance to nearest urban area 

(Km) 

1,213,809 46.31 65.83 0 23.5 2791.08 

IUCN 

protection 

category (0/1) 

I 1,213,809 0.06 0.23 0 0 1 

II 1,213,809 0.07 0.25 0 0 1 

III 1,213,809 0.02 0.16 0 0 1 

IV 1,213,809 0.08 0.27 0 0 1 

V 1,213,809 0.04 0.19 0 0 1 

VI 1,213,809 0.03 0.18 0 0 1 

Not Reported 1,213,809 0.09 0.28 0 0 1 

No protected 1,213,809 0.61 0.49 0 1 1 

PA % (cell) 1,213,809 0.29 0.42 0 0 1 

PA area (ha.) 1,213,809 8,366.14 28,907.69 0.00 0.00 980,000.00 

Accessible forest (0/1) 1,213,809 0.61 0.49 0 1 1 

Protected forest (0/1) 1,213,809 0.29 0.45 0 0 1 

NWFP active (0/1) 1,213,809 0.63 0.48 0 1 1 

Species richness 1,213,807 310.45 195.07 9.00 255.00 3,933.00 

Nº mammals 1,213,807 60.47 41.77 1 46 251 

Nº birds  1,213,807 218.05 123.19 6 190 675 

Forest per capita per country (ha. / 

people) 

1,194,573 0.04 0.03 0 0.02 0.27 

Biome 

Boreal (0/1) 1,213,809 0.33 0.47 0 0 1 

Temperate (0/1) 1,213,809 0.16 0.37 0 0 1 

Tropical (0/1) 1,213,809 0.33 0.47 0 0 1 

Forest area (% cell) 1,213,809 0.51 0.37 0 0.53 1 

Forest density country 1,208,239 0.01 0.01 0 0 0.12 

Wetland (% cell) 1,213,809 0.08 0.24 0 0 1 

Latitude (º, absolute value) 1,213,809 39.5 22.52 0.03 44.78 79.61 

NDVI index (annual average 1982 

- 2019) 

1,213,674 0.27 0.08 -0.08 0.26 0.89 
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Variable Obs Mean Std. Dev. Min Median Max 

Temperature (Cº) 1,212,874 8.56 13.65 -22.65 7.55 35 

Rainfall (annual mm) 1,212,874 891.32 701.60 6.27 621.28 10,577.89 

NDVI trend 1982 - 2018 1,211,884 0 0 -0.01 0 0.01 

Forest change 1998 - 2018 (% 

cell) 

1,213,809 0 0.09 -0.99 0 0.93 

Nº species threatened 1,213,807 11.14 7.61 0 9 216 

Nº mammals threatened 1,213,807 3.01 3.48 0 2 35 

Nº birds threatened 1,213,807 7.47 4.6 0 7 31 

% species threatened 1,213,807 0.04 0.02 0 0.04 0.6 

% mammals threatened 1,213,807 0.05 0.06 0 0.04 1 

% bird threatened 1,213,807 0.04 0.02 0 0.04 0.38 

Biodiversity intactness index 1,210,172 0.89 0.11 0.41 0.93 1.18 

Human modification index 1,213,790 0.17 0.2 0 0.1 0.95 

Footprint index 1,212,321 5.61 6.85 0 3.49 50 
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Figure A7.9: Violin density plots comparing values for selected variables between the world 

grid and the value sites 2013 
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Appendix 8: Global predictions by model 

To select the model that is going to be used for estimating global predictions, we are going to 

compare the performance of the different models in the global predictions. Table A8.1 show the 

distribution of the global predictions by ecosystem service and model in 2013. Figure  show the 

kernel distribution of the regression and random forest models by ecosystem service in 2013. We 

show in this section predictions for year 2013, as an illustrative year. Predictions are shown in 

current US dollars, because is the currency used in The World Bank Changing the Wealth of 

Nations report. In this section we analyze both, the prediction at the grid cell and country level. 

 

Model prediction at grid-cell level 

Table A8.1 show the predictions distribution for the preferred regression models, and for the 

three machine learning models per ecosystem services. In addition, we show two alternative 

models for the regression analysis. First, we show the predictions of the preferred model after 

truncating the predictors in the prediction dataset to help better match the estimates developed 

using the meta-regression dataset with the rest of the world’s forests. That is, we set the variation 

in the prediction dataset to remain within the variation in the estimation dataset for all the 

variables in each of the models. In addition, in those cases that a cell show a predicted value 

higher than the 99 percentile of the estimation dataset, the prediction was truncated to that value. 

This help to avoid imputing outlier values to a cell as a consequence of predictors that add up in 

the prediction dataset because of lack of support in the estimation dataset. This gap between the 

estimation and the prediction dataset is not a problem in random forest models, because they are 

truncated to the values in the estimation dataset by design.  

Second, we also include the distribution of the preferred regression models after removing the 

climate variables. We do this for every ecosystem service except NWFPs, for which the 

preferred model does not includes climate variables. In that case, we show in addition the 

distribution of the regression predictions of the predicted model including climate variables. 

After careful inspection of the regression results and their predictions, we found a key role on 

climate variables by driving the smoothness of the distribution of the predictions and the 

structural relationship between the key variables and the values. But also, in some cases they are 

associated to outliers in the predictions when predictors add up. Their exclusion usually show a 

result mid-way between the preferred regression model and the random forest predictions.  
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Table A8.1: Global predictions distribution by model and ecosystem service 2013 (current US dollars) 

Models 
Percentiles 

Min Max Mean SD Obs. RMSE 

1% 5% 10% 25% 50% 75% 90% 95% 99% 

R
ec

re
at

io
n

 
Estimation dataset 1.4 2.4 4.0 17.8 136.7 758.9 4,596.9 9,179.4 24,453.3 0.22 29,251 1,593.75 4,492.23 108   

Regression  - Model (9) 0.1 0.4 1.6 10.9 54.9 221.4 600.8 968.0 2,414.1 0.00 47,564 227.04 550.53 785,747 1.72 

Regression  - Model (9) truncated 1.0 1.6 3.1 18.9 78.7 296.2 836.8 1,357.9 3,385.4 0.16 24,453 317.44 749.36 785,747 1.72 

Regression  - Model (9) w/o climate 2.7 4.5 5.9 13.3 51.7 170.9 411.7 662.4 1,421.0 0.03 19,090 158.05 306.38 786,168 1.93 

Regression  - Model (9) w/o climate trun. 4.4 6.2 7.1 17.7 67.3 222.3 542.6 870.5 1,890.2 1.36 14,136 207.43 398.25 786,168 1.93 

Random Forest 2.5 3.9 5.6 15.6 68.2 281.2 671.9 965.4 1,909.4 0.85 8,728 235.04 418.27 786,170 1.76 

Automated ML 0.1 0.5 1.3 6.6 38.2 203.2 652.1 1,229.5 4,372.0 0.01 122,406 312.11 1,401.83 786,170 1.63 

H
ab

it
at

 /
 s

p
ec

ie
s 

p
ro

te
ct

io
n

 Estimation dataset 2.3 4.5 8.4 32.1 220.6 716.5 3,836.0 8,226.6 28,018.0 2.32 28,018 1,441.46 3,896.90 73   

Regression  - Model (1) 9.0 17.5 21.4 34.3 63.6 185.9 344.2 456.3 720.8 3.07 2,862 135.06 158.82 360,777 2.17 

Regression  - Model (1) truncated 10.5 19.9 23.2 38.8 66.7 185.9 343.2 452.4 702.8 3.78 1,710 135.86 153.26 360,777 2.17 

Regression  - Model (1) w/o climate 4.4 9.3 12.8 32.0 70.2 199.7 405.2 567.4 1,014.0 1.07 20,461 159.13 254.01 360,266 2.20 

Regression  - Model (1) w/o climate trunc. 5.4 10.5 13.7 35.2 81.8 202.2 401.0 560.1 995.3 1.90 13,296 160.89 226.25 360,266 2.20 

Random Forest 33.0 39.2 43.9 55.1 82.2 255.5 648.8 934.2 1,465.6 18.33 3,836 227.36 314.62 360,777 2.35 

Automated ML 0.0 0.6 2.7 23.9 180.2 1,074.6 4,937.5 11,701.7 60,927.7 0.00 130,962,560 6,671.69 363,043.10 360,777 1.95 

N
W

F
P

s 

Estimation dataset 0.0 0.4 0.6 2.0 8.0 96.4 245.6 535.6 1,753.2 0.02 1,753 124.98 323.01 46   

Regression  - Model (5) 0.4 0.9 1.5 3.8 11.1 48.2 173.1 399.5 2,241.4 0.00 106,468 109.98 506.10 805,428 1.43 

Regression  - Model (5) truncated 0.5 1.5 2.5 6.4 21.9 80.9 279.9 563.9 1,753.2 0.25 1,753 119.95 293.83 804,994 1.43 

Regression  - Model (5) w/ climate 0.3 0.9 1.4 4.1 12.3 44.9 160.7 387.0 2,555.4 0.00 120,251 115.91 575.07 804,994 1.53 

Regression  - Model (5) w/ climate trunc. 0.8 1.7 2.6 6.9 21.0 86.6 306.3 606.0 1,753.2 0.47 1,753 123.95 294.84 805,428 1.53 

Random Forest 2.0 3.6 4.9 9.0 17.5 29.9 70.5 87.4 114.8 1.04 185 26.47 26.50 814,170 1.98 

Automated ML 1.3 3.0 4.5 9.5 20.0 40.9 91.3 137.2 238.7 0.39 586 36.73 47.59 814,170 1.80 

W
at

er
 s

er
v

ic
es

 

Estimation dataset 0.0 0.0 0.1 7.0 52.0 116.6 2,409.9 2,957.3 5,454.0 0.01 5,454 511.12 1,228.92 27   

Regression  - Model (1) 0.0 0.2 0.4 2.4 18.2 248.0 2,392.8 9,259.3 118,757.2 0.00 21,947,282 5,439.63 70,618.97 1,278,662 1.93 

Regression  - Model (1) truncated 0.1 0.9 3.0 8.8 44.3 273.8 1,603.6 5,284.2 5,454.0 0.00 5,454 545.62 1,315.72 1,278,662 1.93 

Regression  - Model (1) w/o climate 0.1 0.9 4.0 24.7 106.8 496.9 1,664.8 3,129.0 4,649.0 0.01 8,393 540.80 999.80 1,279,660 2.27 

Regression  - Model (1) w/o climate trunc. 0.2 1.2 4.4 23.0 85.9 392.7 1,277.9 2,052.0 2,944.4 0.07 4,182 386.20 670.26 1,279,660 2.27 

Random Forest 0.9 3.2 4.7 16.9 35.3 105.7 165.9 214.6 381.1 0.09 1,390 70.45 81.47 786,170 2.36 

Automated ML 0.4 1.8 4.3 19.9 101.3 549.0 2,906.2 7,576.1 43,232.8 0.00 1,211,774,720 7,489.50 1,503,867.91 786,170 1.89 
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Figure A8.1: Kernel density distribution of global predictions by model and ecosystem 

service 2015 (natural logarithm) 

 

   

  
  

The values in the percentiles 90%, 95%, and 99% are very similar across machine learning and 

regression models for recreation and habitat and species protections. The preferred models for 

NWFPS and water services show significantly higher values in the upper tail of the distribution 

of the predictions. Some exceptions are in cases in which the AML model selects a linear model, 

like in the case of water or habitat and species protection. In those cases, the maximum of the 

AML is higher than the regression model. Also, the maximum values in the regression model for 

recreation are higher than in the case of the ML. The differences between the regression and ML 

in the right-hand tail of the distribution are mainly explained by the structural relationship 

imposed by the regression model, and the gap of data between the estimation and the prediction 

datasets. The differences in the higher values persist even after truncating the predictors and the 

predictions. 

The behavior of the predictions is different when looking at the lower percentiles. The prediction 

of the regression models are usually lower than the predictions of the ML models. Regression 

models estimate the predicted values using a structural relationship that allows predicting values 

out of the range of values in the estimation dataset. Alternatively, RF models predicts values by 

b) Habitat / species 

c) NWFPs d) Water services 

a) Recreation 
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averaging the value of observations in the dataset, making their predictions to be always bounded 

within the range of values of the estimation dataset. The direct implication is that RF models 

avoid producing outliers, both upwards and downwards. While this can be seen as an advantage, 

it can also be a disadvantage, given that we know that there is a sub-representation of low value 

forest sites in the estimation dataset.  

The number of observations (number of cells for which values are predicted) vary between 

services because of the differences in the area explained in Table 3. In addition, the number of 

cells predicted by the ML models is always larger than the regression models. When a cell has a 

missing value for some of the explanatory variables, the ML models impute a value for that 

variable, or replace the variable by a highly correlated alternative variable. Differently, the 

regression models drop the cell, producing a missing value for every cell that has a missing value 

for at least one explanatory variable. While this looks to be a first advantage of the ML models, 

the number of cells lost range between 0.05 - 0.2 percent of the total number of cells per service. 

When looking at the distribution of the predictions, the preferred regression models show a 

symmetric distribution, while the distribution of the RF models is multimodal (Figure ). Again, 

this is a result because of the nature of the models. The distribution of the prediction in the 

regression models is imposed by the structural relationship of the parameters. The distribution of 

the predictions in the RF models is purely empirical, clustering cells that are very similar, and 

assigning a value from one of the clusters produced in the estimation dataset. The valleys in the 

distribution are produced because the world grid has cells with different features than the 

observations in the estimation dataset. This obligates the model to shrink the cells in the world 

grid to the domain of the observations in the estimation dataset. The modes are highly explained 

by the distribution of the predictions by continent (see Appendix 8). A priori, this is an 

expectable result coherent with the method.  

In addition, the distribution of the predictions excluding the climate variables show a multi 

modal distribution, similar to the random forest models. This is true for every service, except 

NWFPs, for which the climate variables were not significant. This highlight the importance of 

the climate variables in the structure of the prediction model, capturing the climate but also 

several additional non observable determinants that are correlated with weather. However, 

climate variables are a key determinant explaining the high value outliers in the case of water 

services. This is because of lack of support data in the estimation dataset for rich, warm, and low 

populated places. As a consequence, the climate variables end up imputing very high values to 

cells with those features.  

Different is the case of NWFPs, were the high outliers in the regression models are driven mostly 

by low income countries. The NWFPs and GNI per capita show an inverse relationship in the 

regression models. When extrapolating this relationship to countries with income level lower 

than the minimum in the estimation dataset, predictions reach very high values. The high values 

are kept even after truncating the predictors and the predictions, because the cells has features 

that add up in the regression model.  
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From the above, there is a clear trade-off between models. While the regression models bring 

more robust estimates of the lower tail of the values’ prediction by using a structural relationship 

that allow to extrapolate to low forest value that is under-represented in the estimation dataset, 

they also tend to over-estimate the values in the high end of the distribution. Alternatively, the 

RF models bound the upper values to the values in the estimation dataset, but also bounds the 

lower values.   

 

Models prediction performance at country level 

To understand the consequences of the trade-off at the country level, we analyse the country 

level predictions for the preferred regression and machine learning model. We choose the RF as 

the machine learning preferred model. We use AML as a benchmark to compare the performance 

of the other models, but we prefer not to use it for predictions, because it works as a black-box. 

In addition, the out-of-sample prediction performance improvements of the AML are very small 

regarding other models, including regression models. 

Figure  show the relationship of the average value per hectare per country in 2013 for the 

preferred regression and RF per ecosystem service. For regression models, we show the 

truncated predictions, because they are more informative given the presence of very high 

outliers. If truncated predictions show very large values regarding RF models, the differences in 

the non-truncated predictions are going to be even larger. 

Regression models usually show outliers for countries with some specific features that add up in 

the structure of the regression models. For countries showing average value per hectare, the RF 

usually show higher values. This is the result of RF models always predicting values within the 

range of the estimation dataset. The structural pathway of the regression models allow it 

predictions to reach values below the minimum in the estimation dataset. The low values are 

bounded by definition by zero. However, the high values can reach very high levels. In the case 

of recreation value, we see very high values for Macao, Singapore, Hong Kong, and in a much 

lower level but still very high, Puerto Rico. These are countries, many of them in islands, with 

very high population density, high income, and warm temperatures. These attributes end up 

adding up in the structure of the regression models, reaching very high average values per 

hectare for these countries. Similar is the case North Korea, the Democratic Republic of Congo, 

Palestine or Gambia in the case of NWFP, that are low income countries with high percentage of 

the country forested or high population density in the cells with forest. In the case of water 

services, outliers are usually the result of high-income countries with cells with low population 

density and warm temperatures, like Bahrein, Australia, or United Arab Estates, or small 

territories with these features, like Virgin islands, Gibraltar, or Macao. 
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Figure A8.2: Average value ha-1 per country 2013 (current USD) 
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Figure A8.3: Annual total value per country as percentage of total wealth 2013 (CWON) per ecosystem service and model 
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In the case of habitat and species protection, there exist a closer relationship for countries with 

high values. However, the RF usually shows higher predictions for countries in the middle or 

low part of the distribution of the predictions. Finally, RF models allow to predict values in 

countries that has missing data by imputation. As a result, many countries that is not possible to 

predict for regression models, many times are predicted by RF models. Usually these are 

countries in islands, without coverage of the weather variables in the GIS dataset. 

Figure the ratio of the total value per services per country and total wealth 2013 by model, based 

in the CWON report (Lange, Wodon and Carey, 2018). Total value per services is computed as 

the product of the average value per hectare and total forest in the country based in FAO data, 

and extracted from the World Development Indicators (The World Bank, 2020). Total wealth per 

country 2013 is computed by deflating total wealth per country in 2014 from Lange, Wodon and 

Carey (2018) using the GDP deflator for the United States of America for 2013 and 2013, taken 

from the World Development Indicators (The World Bank, 2020). The CWON report show total 

wealth for 141 countries, covering more than 90% of the cells in our world-grid. 

The results show that in general, the regression model predicts a larger percentage of total wealth 

than the RF model for large values, and lower percentage of total wealth for low values. This is 

consistent with the nature of the methods and results shown above. There are two exceptions to 

this case. First, regression predictions usually show a higher percentage of total wealth than RF 

predictions for NWFP. This indicates a tendency of the regression model to produce high values 

for NWFPs. Second, the RF model usually show higher percentage of total wealth than 

regression model for habitat and species protection services. This is explained by three reasons. 

First, the countries that are identified as outliers in the regression model are not reported in the 

CWON report, like Gibraltar, Israel, or Liechtenstein. Second, the countries that show high 

values in the regression models and are reported in the CWON usually have a very high total 

wealth, like the case of The Netherlands or Luxembourg. As a result, the percentage of total 

wealth is always low, independently of level of the prediction. Finally, the RF models aggregate 

values, getting higher estimates than regression. 

The percentage of total wealth predicted by the regression models is sometimes extremely high. 

This is the case, for example, of NWFPs in the Democratic Republic of Congo, where NWFPs 

total value is almost 6 percent of total wealth. Other example is the high percentage of total 

wealth related to water services in Suriname, Botswana, and Australia, or from recreation in 

Suriname and Belize. Despite RF predictions are higher than regression models in many cases, 

these are usually for low values. As a consequence, in those cases in which RF models are higher 

than regression models, the gap is usually smaller than in the cases in which regression models 

show higher predictions in the upper tail of the distribution. This is true for every service except 

for habitat and species protection. However, even in this case, RF models show a very rational 

contribution to total wealth, reaching a maximum of 0.2 percent for the case of Belize. All the 

above supports the use of RF models for global predictions, based on the use of the most 

conservative model with a consistent approach for every service. 
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Appendix 9: Regional and country-level average predictions per hectare 2018 and total wealth 

Appendix A9.1: Average value per hectare per service and total non-wood forest ecosystem services, and total wealth per service and 

total non-wood forest ecosystem service (2018 dollars) 

 

Country / Region 

Average value per hectare per ecosystem service  (dollars 2018) Wealth per ecosystem service (dollars 2018) 

Recreation 

Habitat 

and species 

protection 

NWFPs 
Water 

services 

Total 

average 

value per ha. 

2018 

Recreation 

Habitat and 

Species 

protection 

NWFPs 
Water 

services 

Total wealth 

Non-wood 

forest services 

  Africa 61.8 16.4 28.5 8.0 114.7 6.17E+11 1.64E+11 2.85E+11 8.04E+10 1.15E+12 

DZA Algeria 224.1 51.5 10.3 36.8 322.7 7.20E+09 1.66E+09 3.31E+08 1.18E+09 1.04E+10 

AGO Angola 48.6 2.6 40.5 27.0 118.6 4.54E+10 2.43E+09 3.78E+10 2.52E+10 1.11E+11 

BEN Benin 173.4 33.2 24.1 4.4 235.1 1.17E+10 2.25E+09 1.63E+09 2.95E+08 1.59E+10 

BWA Botswana 18.9 15.6 4.2 9.9 48.5 3.23E+09 2.67E+09 7.10E+08 1.69E+09 8.30E+09 

BFA Burkina_Faso 57.5 27.5 25.7 2.4 113.1 4.83E+09 2.31E+09 2.16E+09 2.00E+08 9.50E+09 

BDI Burundi 114.5 11.3 39.7 2.1 167.6 5.39E+08 5.31E+07 1.87E+08 1.01E+07 7.89E+08 

CMR Cameroon 76.1 9.4 30.5 2.5 118.6 2.25E+10 2.78E+09 9.01E+09 7.36E+08 3.50E+10 

CPV Cape_Verde 199.3 36.0 34.8 32.4 302.4 3.00E+08 5.42E+07 5.25E+07 4.88E+07 4.56E+08 

CAF Central_African_Republic 17.3 10.8 22.4 3.5 54.1 6.23E+09 3.88E+09 8.07E+09 1.26E+09 1.94E+10 

TCD Chad 55.9 14.4 26.4 2.8 99.5 4.08E+09 1.05E+09 1.93E+09 2.04E+08 7.27E+09 

COM Comoros 258.3 46.9 42.6 4.3 352.0 1.50E+08 2.73E+07 2.48E+07 2.51E+06 2.05E+08 

CIV CÃ´te_d'Ivoire 138.7 40.1 19.8 7.4 205.9 2.34E+10 6.77E+09 3.34E+09 1.25E+09 3.48E+10 

COD Democratic_Republic_of_the_Congo 58.1 7.1 38.6 5.5 109.4 1.43E+11 1.74E+10 9.51E+10 1.36E+10 2.69E+11 

DJI Djibouti 35.4 17.2 54.7 9.7 117.0 3.22E+06 1.56E+06 4.98E+06 8.86E+05 1.06E+07 

EGY Egypt 52.0 10.4 5.0 7.6 75.0 6.32E+07 1.26E+07 6.08E+06 9.29E+06 9.11E+07 

GNQ Equatorial_Guinea 155.2 35.1 13.7 9.7 213.6 3.87E+09 8.74E+08 3.40E+08 2.41E+08 5.32E+09 

ERI Eritrea 90.6 2.0 29.2 2.0 123.9 2.20E+09 4.87E+07 7.11E+08 4.85E+07 3.01E+09 

ETH Ethiopia 26.1 9.0 21.4 1.6 58.0 5.34E+09 1.85E+09 4.39E+09 3.22E+08 1.19E+10 

GAB Gabon 14.0 13.1 5.3 6.2 38.5 5.36E+09 5.01E+09 2.03E+09 2.38E+09 1.48E+10 

GMB Gambia 186.8 15.7 38.7 2.9 244.1 1.50E+09 1.26E+08 3.10E+08 2.33E+07 1.95E+09 

GHA Ghana 230.6 75.8 33.6 15.5 355.5 3.53E+10 1.16E+10 5.14E+09 2.37E+09 5.44E+10 

GIN Guinea 100.7 21.2 20.1 3.0 145.0 1.02E+10 2.15E+09 2.05E+09 3.03E+08 1.47E+10 

GNB Guinea-Bissau 112.9 23.1 24.6 1.6 162.2 3.56E+09 7.28E+08 7.77E+08 5.19E+07 5.12E+09 

KEN Kenya 50.3 18.4 24.7 1.5 94.9 3.70E+09 1.35E+09 1.82E+09 1.10E+08 6.98E+09 
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LSO Lesotho 83.8 24.0 22.0 5.4 135.2 7.08E+07 2.03E+07 1.86E+07 4.55E+06 1.14E+08 

LBR Liberia 112.0 22.6 29.0 1.8 165.5 7.44E+09 1.50E+09 1.93E+09 1.23E+08 1.10E+10 

LBY Libya 108.5 35.0 11.0 51.4 205.9 3.82E+08 1.24E+08 3.87E+07 1.81E+08 7.26E+08 

MDG Madagascar 33.0 7.8 13.6 2.1 56.4 6.65E+09 1.58E+09 2.74E+09 4.19E+08 1.14E+10 

MWI Malawi 54.4 15.3 19.3 1.7 90.7 2.73E+09 7.68E+08 9.72E+08 8.75E+07 4.56E+09 

MLI Mali 25.0 24.0 24.0 3.6 76.6 1.82E+09 1.75E+09 1.74E+09 2.65E+08 5.57E+09 

MRT Mauritania 23.5 1.5 21.8 16.0 62.8 8.16E+07 5.25E+06 7.60E+07 5.55E+07 2.18E+08 

MUS Mauritius 415.4 189.2 11.0 33.1 648.6 2.61E+08 1.19E+08 6.90E+06 2.08E+07 4.08E+08 

MYT Mayotte 393.7 84.3 26.3 37.9 542.4 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

MAR Morocco 204.3 148.8 9.0 18.0 380.1 1.86E+10 1.36E+10 8.19E+08 1.64E+09 3.46E+10 

MOZ Mozambique 49.9 14.6 35.4 2.5 102.3 3.02E+10 8.83E+09 2.14E+10 1.54E+09 6.20E+10 

NAM Namibia 18.5 25.8 5.3 12.0 61.6 2.02E+09 2.80E+09 5.77E+08 1.30E+09 6.70E+09 

NER Niger 36.0 4.0 38.7 3.5 82.2 6.46E+08 7.26E+07 6.95E+08 6.29E+07 1.48E+09 

NGA Nigeria 340.2 63.9 36.1 30.9 471.1 3.19E+10 5.99E+09 3.38E+09 2.89E+09 4.41E+10 

COG Republic_of_Congo 24.1 17.4 20.0 13.6 75.2 8.74E+09 6.30E+09 7.26E+09 4.93E+09 2.72E+10 

REU Reunion 954.6 435.0 21.7 98.2 1509.5 .. .. .. .. .. 

RWA Rwanda 244.3 18.2 51.0 2.6 316.1 1.99E+09 1.48E+08 4.15E+08 2.08E+07 2.57E+09 

SHN Saint_Helena 147.6 13.3 20.4 77.7 259.0 .. .. .. .. .. 

STP Sao_Tome_and_Principe 116.3 77.2 24.0 1.4 219.0 1.01E+08 6.73E+07 2.09E+07 1.19E+06 1.91E+08 

SEN Senegal 92.3 45.4 21.7 2.1 161.5 1.22E+10 6.01E+09 2.88E+09 2.80E+08 2.14E+10 

SYC Seychelles 2.2 47.9 0.7 1.2 52.1 1.45E+06 3.17E+07 4.93E+05 8.20E+05 3.44E+07 

SLE Sierra_Leone 160.6 20.7 26.2 2.5 210.0 8.44E+09 1.09E+09 1.38E+09 1.33E+08 1.10E+10 

SOM Somalia 23.4 0.0 34.3 13.2 70.9 2.33E+09 0.00E+00 3.41E+09 1.32E+09 7.06E+09 

ZAF South_Africa 237.1 93.3 9.4 20.0 359.7 3.56E+10 1.40E+10 1.41E+09 3.00E+09 5.40E+10 

SSD South_Sudan 19.5 10.3 29.8 1.6 61.2 2.27E+09 1.19E+09 3.47E+09 1.91E+08 7.12E+09 

SDN Sudan 23.2 4.8 24.8 6.3 59.0 7.03E+09 1.46E+09 7.52E+09 1.91E+09 1.79E+10 

SWZ Swaziland 283.6 38.0 11.1 14.0 346.6 2.76E+09 3.71E+08 1.08E+08 1.36E+08 3.38E+09 

TZA Tanzania 31.5 22.4 14.5 1.1 69.5 2.30E+10 1.64E+10 1.06E+10 8.33E+08 5.08E+10 

TGO Togo 199.9 29.4 33.2 3.6 266.1 4.18E+08 6.14E+07 6.94E+07 7.42E+06 5.56E+08 

TUN Tunisia 214.7 106.4 9.5 29.0 359.5 3.74E+09 1.85E+09 1.65E+08 5.04E+08 6.26E+09 

UGA Uganda 53.5 13.3 31.0 2.1 99.9 1.45E+09 3.61E+08 8.41E+08 5.76E+07 2.71E+09 
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ZMB Zambia 25.3 24.9 21.7 7.6 79.5 1.97E+10 1.95E+10 1.70E+10 5.97E+09 6.22E+10 

ZWE Zimbabwe 58.9 24.8 34.8 3.2 121.8 1.26E+10 5.28E+09 7.43E+09 6.91E+08 2.60E+10 

  Asia 163.7 46.7 12.9 13.6 237.0 1.58E+12 4.52E+11 1.25E+11 1.32E+11 2.29E+12 

AFG Afghanistan 58.924 3.3 31.1 2.2 95.5 1.29E+09 7.21E+07 6.82E+08 4.82E+07 2.09E+09 

ARM Armenia 142.2 166.5 9.1 15.1 332.9 7.68E+08 9.00E+08 4.93E+07 8.17E+07 1.80E+09 

AZE Azerbaijan 164.5 112.2 9.6 14.1 300.4 3.26E+09 2.22E+09 1.90E+08 2.80E+08 5.95E+09 

BHR Bahrain 442.8 0.0 19.1 19.2 481.1 4.68E+06 0.00E+00 2.01E+05 2.03E+05 5.09E+06 

BGD Bangladesh 191.7 30.8 26.8 8.1 257.4 4.43E+09 7.12E+08 6.18E+08 1.87E+08 5.94E+09 

BTN Bhutan 35.2 20.6 4.8 2.6 63.3 1.59E+09 9.33E+08 2.19E+08 1.17E+08 2.86E+09 

BRN Brunei 250.8 69.1 4.3 5.8 330.0 1.55E+09 4.26E+08 2.66E+07 3.57E+07 2.04E+09 

KHM Cambodia 45.1 35.2 10.3 2.4 93.0 6.65E+09 5.18E+09 1.52E+09 3.61E+08 1.37E+10 

CHN China 228.6 8.3 12.6 18.0 267.4 7.91E+11 2.86E+10 4.35E+10 6.23E+10 9.25E+11 

CXR Christmas_Island 39.4 126.6 16.0 22.6 204.8 .. .. .. .. .. 

CYP Cyprus 514.1 644.9 16.4 37.0 1212.4 1.44E+09 1.81E+09 4.59E+07 1.04E+08 3.40E+09 

TLS East_Timor 190.5 51.2 21.6 23.8 287.1 2.02E+09 5.43E+08 2.29E+08 2.53E+08 3.04E+09 

GEO Georgia 146.5 68.9 8.4 8.7 232.5 6.72E+09 3.16E+09 3.85E+08 3.99E+08 1.07E+10 

HKG Hong_Kong 1575.9 847.3 21.9 19.2 2464.4 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

IND India 169.4 30.5 24.7 6.1 230.6 1.96E+11 3.52E+10 2.85E+10 7.03E+09 2.67E+11 

IDN Indonesia 53.3 15.7 3.1 3.7 75.8 7.70E+10 2.27E+10 4.42E+09 5.38E+09 1.09E+11 

IRN Iran 274.0 82.3 9.3 10.8 376.4 4.76E+10 1.43E+10 1.62E+09 1.88E+09 6.54E+10 

IRQ Iraq 156.2 70.1 8.1 12.5 247.0 2.09E+09 9.40E+08 1.08E+08 1.68E+08 3.31E+09 

ISR Israel 959.7 1005.8 29.6 48.3 2043.5 2.68E+09 2.80E+09 8.26E+07 1.35E+08 5.70E+09 

JPN Japan 503.4 445.6 13.4 65.0 1027.4 2.04E+11 1.81E+11 5.45E+09 2.64E+10 4.17E+11 

JOR Jordan 291.1 243.2 15.6 13.1 563.1 4.61E+08 3.85E+08 2.47E+07 2.08E+07 8.92E+08 

KAZ Kazakhstan 16.4 24.6 8.3 22.0 71.3 8.80E+08 1.32E+09 4.45E+08 1.18E+09 3.83E+09 

KGZ Kyrgyzstan 57.5 24.5 23.1 2.3 107.5 5.73E+08 2.44E+08 2.30E+08 2.31E+07 1.07E+09 

LAO Laos 43.4 15.1 20.2 6.0 84.7 1.36E+10 4.73E+09 6.35E+09 1.89E+09 2.66E+10 

LBN Lebanon 385.4 165.1 18.3 17.5 586.4 8.61E+08 3.69E+08 4.09E+07 3.91E+07 1.31E+09 

MAC Macao 1073.3 0.0 25.7 17.8 1116.8 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

MYS Malaysia 110.2 60.4 2.6 3.9 177.1 3.98E+10 2.18E+10 9.32E+08 1.42E+09 6.40E+10 

MNG Mongolia 1.9 26.1 1.7 4.3 34.0 3.79E+08 5.19E+09 3.47E+08 8.51E+08 6.77E+09 
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MMR Myanmar 45.8 6.1 15.4 4.1 71.4 2.04E+10 2.71E+09 6.85E+09 1.84E+09 3.18E+10 

NPL Nepal 110.6 8.5 27.2 1.6 147.9 6.53E+09 5.04E+08 1.61E+09 9.22E+07 8.74E+09 

PRK North_Korea 232.9 16.9 84.1 12.8 346.6 1.76E+10 1.27E+09 6.35E+09 9.67E+08 2.62E+10 

OMN Oman 77.3 66.9 6.9 5.3 156.4 2.51E+06 2.17E+06 2.24E+05 1.71E+05 5.08E+06 

PAK Pakistan 79.7 19.3 14.7 5.0 118.8 1.74E+09 4.22E+08 3.22E+08 1.09E+08 2.59E+09 

PSE Palestina 2326.6 2219.1 204.1 63.7 4813.5 3.47E+08 3.31E+08 3.04E+07 9.49E+06 7.17E+08 

PHL Philippines 177.7 43.7 8.3 7.7 237.5 2.53E+10 6.22E+09 1.18E+09 1.10E+09 3.38E+10 

QAT Qatar 758.0 19.9 18.7 27.7 824.2 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

SAU Saudi_Arabia 109.2 44.4 8.2 15.8 177.7 1.73E+09 7.05E+08 1.31E+08 2.51E+08 2.82E+09 

SGP Singapore 1364.2 396.9 20.1 22.7 1803.8 3.62E+08 1.05E+08 5.34E+06 6.02E+06 4.79E+08 

KOR South_Korea 339.2 645.9 7.0 71.7 1063.9 3.40E+10 6.47E+10 7.04E+08 7.18E+09 1.06E+11 

LKA Sri_Lanka 306.4 239.6 4.6 12.4 563.1 1.02E+10 7.98E+09 1.54E+08 4.12E+08 1.88E+10 

SYR Syria 111.3 2.0 15.5 11.1 139.9 8.88E+08 1.63E+07 1.24E+08 8.82E+07 1.12E+09 

TWN Taiwan 784.8 514.1 15.6 13.5 1328.0 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

TJK Tajikistan 53.4 37.1 24.3 7.7 122.5 3.59E+08 2.49E+08 1.63E+08 5.16E+07 8.23E+08 

THA Thailand 113.1 65.1 3.4 7.9 189.6 3.03E+10 1.75E+10 9.19E+08 2.13E+09 5.08E+10 

TUR Turkey 155.9 2.5 12.4 33.0 203.8 3.05E+10 4.96E+08 2.42E+09 6.44E+09 3.98E+10 

TKM Turkmenistan 52.4 26.6 8.7 10.7 98.3 3.52E+09 1.78E+09 5.81E+08 7.15E+08 6.59E+09 

ARE United_Arab_Emirates 335.5 77.4 11.1 14.9 438.9 1.78E+09 4.10E+08 5.87E+07 7.89E+07 2.32E+09 

UZB Uzbekistan 95.7 138.2 19.5 8.7 262.2 4.96E+09 7.16E+09 1.01E+09 4.53E+08 1.36E+10 

VNM Vietnam 206.7 47.8 27.9 9.8 292.1 5.09E+10 1.18E+10 6.88E+09 2.40E+09 7.20E+10 

YEM Yemen 22.2 1.4 13.0 1.2 37.9 1.98E+08 1.27E+07 1.16E+08 1.06E+07 3.38E+08 

  America 169.4 56.7 6.4 34.1 266.6 4.34E+12 1.46E+12 1.64E+11 8.73E+11 6.84E+12 

AIA Anguilla 429.2 521.2 24.8 43.3 1018.4 .. .. .. .. .. 

ATG Antigua_and_Barbuda 130.7 199.3 13.4 32.6 376.1 2.08E+07 3.17E+07 2.13E+06 5.19E+06 5.99E+07 

ARG Argentina 80.9 15.5 11.8 104.0 212.1 3.45E+10 6.60E+09 5.02E+09 4.43E+10 9.04E+10 

ABW Aruba 466.8 253.0 18.8 66.1 804.6 3.19E+06 1.73E+06 1.28E+05 4.51E+05 5.49E+06 

BHS Bahamas 94.1 149.5 7.5 34.7 285.9 7.88E+08 1.25E+09 6.31E+07 2.90E+08 2.39E+09 

BRB Barbados 652.6 174.9 22.8 48.8 899.1 6.68E+07 1.79E+07 2.33E+06 4.99E+06 9.20E+07 

BLZ Belize 106.0 43.9 34.7 20.3 204.9 2.33E+09 9.63E+08 7.62E+08 4.46E+08 4.50E+09 

BMU Bermuda 0.0 0.0 0.0 0.0 0.0 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 
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BOL Bolivia 12.0 15.1 15.4 12.2 54.8 1.05E+10 1.32E+10 1.35E+10 1.07E+10 4.80E+10 

BES Bonaire,_Saint_Eustatius_and_Sab 1159.0 500.5 23.1 36.0 1718.5 .. .. .. .. .. 

BRA Brazil 60.3 36.3 5.0 14.4 116.0 4.81E+11 2.89E+11 3.96E+10 1.15E+11 9.25E+11 

VGB British_Virgin_Islands 418.6 546.4 16.5 32.4 1014.0 2.45E+07 3.20E+07 9.70E+05 1.90E+06 5.94E+07 

CAN Canada 8.5 27.2 2.3 27.1 65.1 4.81E+10 1.53E+11 1.30E+10 1.53E+11 3.67E+11 

CYM Cayman_Islands 0.0 409.7 0.0 0.0 409.7 0.00E+00 8.45E+07 0.00E+00 0.00E+00 8.45E+07 

CHL Chile 74.7 23.0 5.1 59.5 162.3 2.26E+10 6.97E+09 1.54E+09 1.80E+10 4.91E+10 

COL Colombia 95.8 20.3 7.1 7.1 130.3 9.10E+10 1.93E+10 6.72E+09 6.70E+09 1.24E+11 

CRI Costa_Rica 343.2 56.9 14.5 26.4 441.0 1.59E+10 2.63E+09 6.70E+08 1.22E+09 2.04E+10 

CUB Cuba 175.1 66.6 5.6 18.2 265.5 9.56E+09 3.64E+09 3.06E+08 9.92E+08 1.45E+10 

CUW CuraÃ§ao 235.1 334.6 8.7 10.5 588.9 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

DMA Dominica 209.5 172.6 11.1 7.3 400.5 1.45E+08 1.19E+08 7.69E+06 5.01E+06 2.77E+08 

DOM Dominican_Republic 333.3 216.3 6.6 28.5 584.7 1.13E+10 7.32E+09 2.25E+08 9.63E+08 1.98E+10 

ECU Ecuador 98.4 31.0 6.8 5.7 141.8 1.97E+10 6.20E+09 1.35E+09 1.14E+09 2.84E+10 

SLV El_Salvador 484.3 78.8 29.5 43.4 636.0 1.98E+09 3.22E+08 1.21E+08 1.78E+08 2.60E+09 

FLK Falkland_Islands 6.9 0.9 4.7 21.5 33.9 .. .. .. .. .. 

GUF French_Guiana 26.1 37.3 6.5 5.4 75.2 .. .. .. .. .. 

GRL Greenland 0.0 8.6 0.0 0.2 8.8 4.16E+01 3.06E+04 4.39E+01 6.19E+02 3.13E+04 

GRD Grenada 308.1 188.0 13.7 13.2 523.0 8.50E+07 5.19E+07 3.77E+06 3.65E+06 1.44E+08 

GLP Guadeloupe 655.7 439.3 18.9 48.0 1161.8 .. .. .. .. .. 

GTM Guatemala 319.5 58.8 32.7 24.1 435.0 1.78E+10 3.27E+09 1.82E+09 1.34E+09 2.42E+10 

GUY Guyana 9.4 4.6 4.2 3.1 21.3 2.53E+09 1.24E+09 1.12E+09 8.33E+08 5.72E+09 

HTI Haiti 305.7 65.9 38.9 5.6 416.2 4.70E+08 1.01E+08 5.98E+07 8.68E+06 6.40E+08 

HND Honduras 266.2 26.0 21.5 35.2 348.8 1.83E+10 1.79E+09 1.48E+09 2.42E+09 2.40E+10 

JAM Jamaica 474.7 315.2 10.2 14.7 814.8 2.58E+09 1.71E+09 5.54E+07 7.98E+07 4.42E+09 

MTQ Martinique 571.3 538.9 22.6 52.3 1185.1 .. .. .. .. .. 

MEX Mexico 235.7 41.0 10.5 41.0 328.2 2.52E+11 4.38E+10 1.12E+10 4.38E+10 3.51E+11 

NIC Nicaragua 99.2 20.3 16.4 25.0 160.9 5.02E+09 1.03E+09 8.32E+08 1.26E+09 8.14E+09 

PAN Panama 148.0 35.8 6.2 18.1 208.1 1.10E+10 2.65E+09 4.62E+08 1.35E+09 1.54E+10 

PRY Paraguay 30.5 9.8 8.1 34.0 82.4 7.10E+09 2.29E+09 1.90E+09 7.92E+09 1.92E+10 

PER Peru 19.5 12.0 5.0 6.0 42.5 2.32E+10 1.44E+10 5.97E+09 7.16E+09 5.07E+10 
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PRI Puerto_Rico 728.4 445.5 19.5 46.1 1239.4 5.99E+09 3.66E+09 1.60E+08 3.79E+08 1.02E+10 

KNA Saint_Kitts_and_Nevis 243.0 144.1 12.2 52.6 451.9 4.34E+07 2.58E+07 2.18E+06 9.40E+06 8.08E+07 

LCA Saint_Lucia 158.2 318.7 8.9 8.3 494.1 5.17E+07 1.04E+08 2.91E+06 2.71E+06 1.62E+08 

SPM Saint_Pierre_and_Miquelon 0.0 0.0 0.0 0.0 0.0 .. .. .. .. .. 

VCT Saint_Vincent_and_the_Grenadines 0.0 148.0 0.0 0.0 148.0 0.00E+00 6.49E+07 0.00E+00 0.00E+00 6.49E+07 

SXM Sint_Maarten 262.8 368.8 14.9 29.7 676.2 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

SUR Suriname 13.5 8.8 2.8 2.9 28.1 3.35E+09 2.20E+09 7.09E+08 7.29E+08 6.99E+09 

TTO Trinidad_and_Tobago 406.4 90.7 9.9 34.1 541.1 1.58E+09 3.53E+08 3.84E+07 1.33E+08 2.10E+09 

TCA Turks_and_Caicos_Islands 61.6 246.1 12.9 23.5 344.1 3.44E+07 1.38E+08 7.22E+06 1.31E+07 1.92E+08 

USA United_States 718.3 187.4 10.5 92.5 1008.7 3.63E+12 9.47E+11 5.30E+10 4.67E+11 5.10E+12 

UMI United_States_Minor_Outlying_Isl 0.0 0.0 0.0 0.0 0.0 .. .. .. .. .. 

URY Uruguay 174.0 24.0 11.5 139.4 348.9 5.41E+09 7.45E+08 3.59E+08 4.33E+09 1.08E+10 

VEN Venezuela 97.9 46.5 5.0 7.4 156.8 7.35E+10 3.49E+10 3.76E+09 5.58E+09 1.18E+11 

VIR Virgin_Islands,_U_S_ 770.5 720.2 59.3 58.1 1608.1 2.16E+08 2.02E+08 1.66E+07 1.63E+07 4.51E+08 

  Europe 44.0 56.3 5.1 37.5 142.9 7.27E+11 9.31E+11 8.41E+10 6.19E+11 2.36E+12 

ALB Albania 128.4 83.7 8.0 55.6 275.7 1.60E+09 1.05E+09 9.93E+07 6.94E+08 3.44E+09 

AND Andorra 304.6 202.9 15.0 142.1 664.6 7.92E+07 5.27E+07 3.90E+06 3.69E+07 1.73E+08 

AUT Austria 660.1 274.4 17.0 386.6 1338.2 4.16E+10 1.73E+10 1.07E+09 2.43E+10 8.42E+10 

BLR Belarus 56.0 94.6 8.9 57.9 217.5 7.91E+09 1.34E+10 1.25E+09 8.18E+09 3.07E+10 

BEL Belgium 528.4 252.9 12.1 483.6 1277.1 5.88E+09 2.81E+09 1.35E+08 5.38E+09 1.42E+10 

BIH Bosnia_and_Herzegovina 97.0 22.2 7.7 48.1 175.0 3.44E+09 7.89E+08 2.73E+08 1.71E+09 6.21E+09 

BGR Bulgaria 117.5 358.0 5.9 24.8 506.3 7.40E+09 2.25E+10 3.74E+08 1.56E+09 3.19E+10 

HRV Croatia 151.3 295.5 3.1 53.5 503.5 4.73E+09 9.23E+09 9.70E+07 1.67E+09 1.57E+10 

CZE Czech_Republic 175.8 312.0 10.9 154.0 652.7 7.64E+09 1.35E+10 4.74E+08 6.69E+09 2.83E+10 

DNK Denmark 803.5 489.1 14.3 667.1 1974.0 8.19E+09 4.98E+09 1.46E+08 6.80E+09 2.01E+10 

EST Estonia 68.8 328.0 10.8 73.2 480.8 2.49E+09 1.19E+10 3.93E+08 2.65E+09 1.74E+10 

FRO Faroe_Islands 36.0 0.0 60.4 64.9 161.3 4.86E+04 0.00E+00 8.14E+04 8.75E+04 2.18E+05 

FIN Finland 56.7 145.3 16.6 105.3 323.9 2.05E+10 5.25E+10 6.00E+09 3.80E+10 1.17E+11 

FRA France 355.3 352.5 13.2 249.3 970.4 1.00E+11 9.93E+10 3.71E+09 7.02E+10 2.73E+11 

DEU Germany 649.2 431.1 13.8 470.4 1564.4 1.21E+11 8.00E+10 2.57E+09 8.73E+10 2.90E+11 

GIB Gibraltar 721.1 904.9 31.6 28.8 1686.5 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 
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Country / Region 

Average value per hectare per ecosystem service  (dollars 2018) Wealth per ecosystem service (dollars 2018) 

Recreation 

Habitat 

and species 

protection 

NWFPs 
Water 

services 

Total 

average 

value per ha. 

2018 

Recreation 

Habitat and 

Species 

protection 

NWFPs 
Water 

services 

Total wealth 

Non-wood 

forest services 

GRC Greece 235.8 369.5 10.9 93.4 709.6 1.59E+10 2.49E+10 7.32E+08 6.29E+09 4.78E+10 

GGY Guernsey 245.6 0.0 39.2 38.5 323.3 .. .. .. .. .. 

HUN Hungary 133.2 411.0 9.0 63.2 616.4 4.51E+09 1.39E+10 3.05E+08 2.14E+09 2.09E+10 

ISL Iceland 11.9 19.7 13.0 127.3 171.9 1.03E+07 1.70E+07 1.12E+07 1.10E+08 1.48E+08 

IRL Ireland 577.7 208.6 11.7 375.1 1173.0 7.24E+09 2.61E+09 1.46E+08 4.70E+09 1.47E+10 

IMN Isle_of_Man 177.8 503.6 67.4 120.4 869.2 9.99E+06 2.83E+07 3.79E+06 6.77E+06 4.89E+07 

ITA Italy 328.0 308.6 15.1 224.3 875.9 5.04E+10 4.74E+10 2.32E+09 3.45E+10 1.35E+11 

JEY Jersey 282.4 641.2 32.0 31.4 987.0 .. .. .. .. .. 

XKX Kosovo 116.0 3.0 9.7 55.2 183.9 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

LVA Latvia 70.1 214.4 12.6 86.6 383.8 3.82E+09 1.17E+10 6.85E+08 4.73E+09 2.09E+10 

LIE Liechtenstein 1104.4 349.7 20.4 377.3 1851.8 1.24E+08 3.92E+07 2.29E+06 4.23E+07 2.08E+08 

LTU Lithuania 85.0 367.2 12.0 97.3 561.5 3.02E+09 1.30E+10 4.25E+08 3.45E+09 1.99E+10 

LUX Luxembourg 672.1 506.9 23.5 432.3 1634.7 9.47E+08 7.14E+08 3.31E+07 6.09E+08 2.30E+09 

MKD Macedonia 120.7 118.9 7.2 35.3 282.1 1.96E+09 1.93E+09 1.16E+08 5.73E+08 4.57E+09 

MLT Malta 303.0 393.2 19.5 37.0 752.7 1.71E+06 2.22E+06 1.10E+05 2.09E+05 4.24E+06 

MDA Moldova 101.0 153.5 32.9 92.9 380.2 6.94E+08 1.05E+09 2.26E+08 6.38E+08 2.61E+09 

MNE Montenegro 108.0 45.1 8.2 48.4 209.7 1.45E+09 6.07E+08 1.10E+08 6.50E+08 2.82E+09 

NLD Netherlands 561.2 641.1 20.4 329.3 1552.0 3.44E+09 3.94E+09 1.25E+08 2.02E+09 9.53E+09 

NOR Norway 204.2 152.3 21.2 199.4 577.1 4.02E+10 3.00E+10 4.17E+09 3.93E+10 1.14E+11 

POL Poland 107.3 423.8 10.0 108.8 649.8 1.66E+10 6.54E+10 1.54E+09 1.68E+10 1.00E+11 

PRT Portugal 305.4 151.0 8.9 81.6 546.9 1.56E+10 7.72E+09 4.55E+08 4.18E+09 2.80E+10 

ROU Romania 98.2 228.3 6.2 83.4 416.1 1.13E+10 2.62E+10 7.10E+08 9.58E+09 4.78E+10 

RUS Russia 8.6 16.0 3.5 11.1 39.1 1.14E+11 2.11E+11 4.58E+10 1.46E+11 5.18E+11 

SMR San_Marino 450.7 0.0 15.9 257.8 724.4 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

SRB Serbia 89.7 143.7 6.8 53.3 293.6 3.97E+09 6.36E+09 3.03E+08 2.36E+09 1.30E+10 

SVK Slovakia 128.4 478.6 9.7 81.0 697.7 4.05E+09 1.51E+10 3.05E+08 2.55E+09 2.20E+10 

SVN Slovenia 219.6 184.4 8.6 149.9 562.4 4.45E+09 3.74E+09 1.74E+08 3.04E+09 1.14E+10 

ESP Spain 254.4 283.5 6.4 76.2 620.5 7.66E+10 8.53E+10 1.93E+09 2.29E+10 1.87E+11 

SJM Svalbard_and_Jan_Mayen 0.0 78.9 0.0 0.0 78.9 .. .. .. .. .. 

SWE Sweden 163.9 196.5 17.9 204.6 582.9 7.47E+10 8.96E+10 8.17E+09 9.33E+10 2.66E+11 

CHE Switzerland 905.8 298.8 14.2 531.5 1750.4 1.86E+10 6.14E+09 2.93E+08 1.09E+10 3.60E+10 
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Country / Region 

Average value per hectare per ecosystem service  (dollars 2018) Wealth per ecosystem service (dollars 2018) 
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Water 
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Non-wood 
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UKR Ukraine 87.5 232.9 9.4 49.0 378.8 1.38E+10 3.68E+10 1.48E+09 7.75E+09 5.98E+10 

GBR United_Kingdom 209.5 224.2 16.2 343.4 793.3 1.09E+10 1.16E+10 8.40E+08 1.78E+10 4.12E+10 

ALA 

Ã 

land 38.4 183.2 23.0 105.3 349.9 .. .. .. .. .. 

  Oceania 100.0 127.5 12.8 71.4 311.7 2.83E+11 3.61E+11 3.63E+10 2.02E+11 8.83E+11 

ASM American_Samoa 0.0 74.5 36.5 0.0 111.0 0.00E+00 2.11E+07 1.03E+07 0.00E+00 3.14E+07 

AUS Australia 138.3 178.1 11.0 101.3 428.7 2.82E+11 3.64E+11 2.25E+10 2.07E+11 8.75E+11 

COK Cook_Islands 14.4 0.0 10.5 11.6 36.6 .. .. .. .. .. 

FJI Fiji 46.2 13.5 6.5 10.0 76.2 7.74E+08 2.26E+08 1.09E+08 1.68E+08 1.28E+09 

PYF French_Polynesia 33.0 2.0 10.1 19.5 64.6 8.30E+07 5.14E+06 2.55E+07 4.92E+07 1.63E+08 

GUM Guam 0.0 74.2 0.0 0.0 74.2 0.00E+00 3.01E+07 0.00E+00 0.00E+00 3.01E+07 

KIR Kiribati 0.0 0.0 0.0 0.0 0.0 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 

FSM Micronesia 26.8 0.0 25.2 4.5 56.4 2.80E+07 0.00E+00 2.63E+07 4.68E+06 5.90E+07 

NCL New_Caledonia 57.0 61.8 8.3 33.5 160.6 7.77E+08 8.42E+08 1.13E+08 4.56E+08 2.19E+09 

NZL New_Zealand 117.3 232.3 4.9 68.2 422.7 1.94E+10 3.83E+10 8.02E+08 1.12E+10 6.97E+10 

NIU Niue 30.4 40.9 18.2 21.4 110.9 .. .. .. .. .. 

NFK Norfolk_Island 55.7 134.5 21.6 18.1 229.9 .. .. .. .. .. 

MNP Northern_Mariana_Islands 0.0 27.9 1.0 0.0 28.9 0.00E+00 1.31E+07 4.70E+05 0.00E+00 1.36E+07 

PLW Palau 26.5 49.8 5.6 19.4 101.3 1.74E+07 3.26E+07 3.68E+06 1.27E+07 6.63E+07 

PNG Papua_New_Guinea 16.1 3.4 17.8 11.4 48.7 8.79E+09 1.83E+09 9.69E+09 6.24E+09 2.66E+10 

WSM Samoa 32.8 32.2 33.7 15.1 113.8 9.12E+07 8.96E+07 9.36E+07 4.19E+07 3.16E+08 

SLB Solomon_Islands 25.8 7.7 23.7 1.5 58.6 9.07E+08 2.70E+08 8.34E+08 5.41E+07 2.07E+09 

TON Tonga 18.6 45.6 34.5 6.7 105.3 2.72E+06 6.67E+06 5.04E+06 9.73E+05 1.54E+07 

VUT Vanuatu 44.3 15.7 37.8 3.2 101.0 3.17E+08 1.12E+08 2.70E+08 2.30E+07 7.22E+08 

WLF Wallis_and_Futuna 54.9 82.5 21.7 19.0 178.1 .. .. .. .. .. 

  Antarctica 0.1 72.8 1.0 0.2 74.0 .. .. .. .. .. 

SGS South_Georgia_and_the_South_Sand 0.0 0.0 0.0 0.0 0.0 .. .. .. .. .. 

ATF French_Southern_Territories 0.1 38.1 0.5 0.1 38.8 .. .. .. .. .. 

               

WLD World 113.4 50.6 11.0 29.0 204.0 7.34E+12 3.27E+12 7.09E+11 1.88E+12 1.32E+13 
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