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Abstract 24 

Forests provide numerous ecosystem services, such as timber yields, biodiversity protection and 25 

climate change mitigation. The type of management has an effect on the provision of these 26 

services. Often the demands for these services can lead to conflict - wood harvest can negatively 27 

impact biodiversity and climate change mitigation capacity. Although forest management 28 

differences are important, spatially explicit data is lacking, in particular on a global scale. We 29 

present here a first systematic approach which integrates existing data to map forest management 30 

globally through downscaling national and subnational forest data. In our forest management 31 

classification, we distinguished between two levels of forest management, with three categories 32 

each. Level 1 comprised primary, secondary and planted forests. Level 2 distinguished between 33 

different forest uses. We gathered documented locations, where these forest categories were 34 

observed, from the literature and a database on ecological diversity. We then performed 35 

multinomial logit regression and estimated the effect of 21 socio-economic and bio-physical 36 

predictor variables on the occurrence of a forest category. Model results on significance and effect 37 

direction of predictor variables were in line with findings of previous studies. Soil and 38 

environmental properties, forest conditions and accessibility are important determinants of the 39 

occurrence of forest management types. Based on the model results, likelihood maps were 40 

calculated and used to spatially allocate national extents of level 1 and level 2 forest categories. 41 

When compared to previous studies, our maps showed higher agreement than random samples. 42 

Deviations between observed and predicted plantation locations were mostly below 10 km. Our 43 

map provides an estimation of global forest management patterns, enhancing previous 44 

methodologies and making the best use of data available. Next to having multiple applications, for 45 

example within global conservation planning or climate change mitigation analyses, it visualizes 46 

the currently available data on forest management on a global level.  47 
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Main body 48 

1. Introduction  49 

The world’s forests are under immense pressures by human demands for wood and land, which 50 

will not only increase due to demographic changes and economic growth, but also due to 51 

encouraged use of biomass for energy production (FAO 2009, Egnell et al 2011, FAO 2016). 52 

Through changes in age structure, tree species composition, and vertical stratification, wood 53 

harvest can affect local forest properties (Chaudhary et al 2016). Additionally, it can impact 54 

ecology, landscape configuration and water or carbon storage capacity of a forest (Meyfroidt and 55 

Lambin 2011). As a result of these impacts, unsustainable timber logging, fuelwood collection, 56 

and charcoal production are the main drivers for forest degradation (Hosonuma et al 2012, 57 

Kissinger et al 2012).  58 

Forests are one of the most important carbon sinks (Kauppi and Mäntyranta 2014), storing more 59 

than 45% of terrestrial carbon (Bonan 2008). Effects of timber logging on carbon storage capacity 60 

are complex. In general, the capacity increases with increasing forest age, but there is a potential 61 

for saturation in old forests (Colombo et al 2012). At the same time, the most productive forests 62 

are not necessarily the strongest carbon sinks; fast rotation management can reduce forest carbon 63 

sequestration (Schulze et al 2012). In Finland and Sweden, for example, sensible forest 64 

management resulted in denser and stouter forests with highly increased carbon storage (Kauppi 65 

and Mäntyranta 2014). Unsustainable felling, especially of large trees, might destroy or damage 66 

smaller trees, thereby significantly contributing to carbon loss and decreasing forest recovery 67 

(Martin et al 2015).  68 
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The impacts on biodiversity are similarly manifold. Any type of forestry has an effect, but its 69 

magnitude varies substantially among management type, geographical location and affected 70 

taxonomic group (Chaudhary et al 2016). At low historical rate or maximum age, wood harvest 71 

can mimic a natural disturbance regime, which can even lead to more age class diversity compared 72 

to total protection (Colombo et al 2012). On the other hand, logging is, besides crop farming, the 73 

biggest threat to Red List species (Maxwell et al 2016). Wood production and trade were 74 

furthermore identified to contribute substantially to extinction risks of bird species (Nishijima et 75 

al 2016). 76 

Land use changes, e.g. in form of timber plantations, have an effect on species composition and 77 

are one of the main drivers of extinction and biodiversity loss (Newbold et al 2015). To analyze 78 

their impacts and alternative pathways for the future, land change models are often applied, driven 79 

by human demands (Veldkamp and Lambin 2001, Brown et al 2013). In those models, forest is 80 

often not distinguished by management type and is classified based on the land cover only. The 81 

same is valid for conservation planning through the identification of priority areas, where forests 82 

are included only in terms of forest cover (Brooks et al 2006). Habitat loss due to forest degradation 83 

or conversion to monoculture plantations is, consequently, not considered.  84 

Land demand for biodiversity protection and climate change mitigation is expected to increase in 85 

the future (Eitelberg et al 2016). To estimate an area’s relative importance for biodiversity 86 

protection or its contribution to climate change mitigation, it is necessary to go beyond forest cover 87 

and deforestation patterns. There is a need to better consider the spatial patterns of forest 88 

management. 89 
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Several datasets on forest management patterns exist. On a national scale, there is the Global Forest 90 

Resources Assessment (FRA), compiled by the Food and Agriculture Organization of the United 91 

Nations (FAO). It provides an insight into characteristics and functions by giving extents of 92 

different forest categories, gathered from national inventories, partially using remote sensing 93 

(MacDicken 2015). On a spatial explicit level, some previous studies aimed to capture patterns of 94 

different forest management on national, continental or global scales (Hurtt et al 2011, Hengeveld 95 

et al 2012, McGrath et al 2015, Verkerk et al 2015, Naudts et al 2016, Petersen et al 2016, Kraxner 96 

et al 2017). Three reoccurring main approaches were found in the literature: (1) an evidence-based 97 

approach, (2) reconstruction of historical wood harvest and land use and (3) direct observation 98 

through remote sensing. Although these existing efforts have resulted in different maps, they are 99 

either spatially restricted, are based on rather simplified assumptions or use a coarse thematic 100 

resolution (see SI for a more in-depth inventory).  101 

A systematical approach of identifying global patterns of forest classes, such as natural or planted 102 

forest and forest use, such as for production, is still missing. The objective of this study is to 103 

improve our understanding of global forest management patterns and their underlying drivers by 104 

integrating publicly available global data and build up on the methods currently used in the 105 

literature.  106 

2. Methods  107 

The following paragraph gives a brief overview of the methodology. Each step is then explained 108 

in more detail in the following sections. Our methodology is based on downscaling national and 109 

subnational data using empirical data to determine the likelihood of finding a forest management 110 
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type at a specific location (see Figure 1), following the method applied in previous studies (Verkerk 111 

et al 2015, Kraxner et al 2017). We determined the likelihood of finding a specific forest 112 

management type by estimating multinomial logit regression models. This included evaluating the 113 

effect of 21 different predictor variables. For the dependent variable, data points from the literature 114 

and a new database of case study observations on ecological diversity were used. Hypotheses on 115 

the behavior of predictors were made beforehand. By means of significance and effect of 116 

predictors, we calculated likelihood maps for the occurrence of different forest categories. Those 117 

formed the basis of spatial allocation of forest classes. Our final maps represents an estimation of 118 

two levels of global forest management patterns for 2000 at a 1 x 1 km2 resolution, following an 119 

underlying forest cover map (see below). 120 

2.1. Classes and data  121 

We used national forest data from FAO’s FRA, 2015 version (FAO 2016) for the year 2000. The 122 

FRA is a data collection of the extents of different forest categories for in principal all countries 123 

and territories, but for some countries data is missing or these countries do not have any forest 124 

Figure 1: Simplified flowchart of the 

methodology. The flowchart depictures inputs 

(left), process steps (middle) and interim 

results (right) for the creation of global forest 

management maps. The colors indicate which 

part of the method section a thorough 

explanation can be found - orange: Classes 

and data, dark blue: Preparation for spatial 

analysis, turquoise: Likelihood maps and 

allocation. 
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cover (Table S_4). An important advantage of the FRA dataset is its global coverage and consistent 125 

definitions. Furthermore, it is commonly used in land and global change studies, e.g. on climate 126 

change, biodiversity and remote sensing, substantially contributing to more than 150 studies 127 

(Grainger 2008). The FRA dataset was improved with subnational statistics, thereby increasing 128 

the spatial resolution of information for the seven biggest countries, namely Australia, Brazil, 129 

Canada, China, India, Russia and the USA (see Table S_1 for data sources). To keep the 130 

differences in time and definitions as small as possible, subnational data was adjusted to the 131 

corresponding FRA values by using relative distributions across the subnational units. 132 

The relations between forest management and location factors were estimated with help of spatial 133 

explicit point information. The biggest share of these points came from the Projecting Responses 134 

of Ecological Diversity In Changing Terrestrial Systems (PREDICTS) database (Hudson et al 135 

2014). This dataset comprises biodiversity factors and the relationship to anthropogenic land use 136 

pressures. Each data entry includes inter alia geographical coordinates, the predominant habitat 137 

category and an informal description of the habitat. We used the latter two for the classification of 138 

points. Most of the points are clearly defined to be located within a forested area, such as by the 139 

predominant habitat category “plantation forest” or “high-intensity logging” as a description of the 140 

habitat. For some points, it was uncertain if the habitat actually describes a forest, e.g. terms like 141 

“regrowth”, “revegetation”, “ancient forest” or “abandoned field” of “mature vegetation”. Those 142 

points were included if they were located within the delineated forest area. Additionally, point 143 

information was collected from the literature following the reference list from Chaudhary et al 144 

(2016) and Paillet et al (2010). 145 

After interpretation of forest descriptions and FRA categories, we identified two levels with each 146 

three forest categories: Level 1, hereafter also called forest classes, comprised (1) primary, (2) 147 
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naturally regrown/secondary and (3) planted forests. For level 2 of our classification, we included 148 

different forest uses, namely: (1) forests primarily used for production, (2) multiple use forests and 149 

(3) forest primarily used for other purposes (e.g. recreation or protection). The two levels are 150 

coexistent, while the categories of each level are mutually exclusive and constitute the entire forest 151 

extent. 152 

Sufficient data points for multiple use forests were lacking and could therefore not be included in 153 

the model. A big share of secondary forests in the PREDICTS database is related to abandoned - 154 

mostly former agricultural - areas. We assumed that these areas differ substantially from currently 155 

used and never used areas. Therefore, abandoned areas were included as a category for the 156 

dependent variable of level 2 forest categories to improve the model fit. This sub-category, 157 

however, was not spatially assigned, since its national extents are not included in the FRA dataset. 158 

To minimize pseudo-replication and due to our intended spatial resolution of 1 x 1 km2, the 159 

included points had to be at least 1 km away from each other. If more than one forest category was 160 

reported within this radius, we included the one with the highest management intensity (i.e. 161 

plantation before secondary before primary forest and production before multiple uses before 162 

no/other use). Altogether, we had 789 observations available (see Figure S_2). 163 

2.2. Preparation for spatial analysis 164 

A global binary forest mask (forest/no forest) formed the spatial restrictive base layer for all 165 

following spatial analysis. We adjusted the forest hybrid raster layer by Schepaschenko et al (2015) 166 

with forest extent values of the year 2000 from the FRA 2015 version (see SI for more details). 167 

The forest mask, and all other spatial layers mentioned hereafter, were transformed to Eckert IV – 168 
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a pseudocylindrical, equal-area projection (Snyder and Voxland 1994), commonly used and one 169 

of the most preferred by the cartographers and map readers (Šavrič et al 2015). 170 

Global forest areas were divided into 4 regions, based on terrestrial biomes (Olson et al 2001): 171 

(1) Tropical and subtropical forests, (2) Temperate and Mediterranean vegetation, (3) Boreal 172 

vegetation and (4) Tropical and subtropical wood- and grasslands. The separation was conducted 173 

on a country level, classifying a country according to the biome that is predominately covering its 174 

forest. In 12 countries (see SI), none of the four selected biome groups occurred in the forested 175 

area. In these cases, every forest pixel within the country got reassigned according to the one of 176 

the 4 biome groups that was in the closest vicinity. The biome with the biggest share within the 177 

newly assigned pixels determined in which group the country was classified (see Figure S_1).  178 

2.3. Likelihood maps and allocation 179 

For downscaling the national and subnational data, we took into consideration a total of 21 possible 180 

predictor variables or location factors (see Table 1) of different groups: accessibility, governance, 181 

soil, climate and terrain conditions and forest properties. The choice of predictor variables built on 182 

findings of previous studies and spatial availability on a global scale. Some variables that showed 183 

significance in region-wide forest management, for instance tree species distribution (Levers et al 184 

2014, Petersen et al 2016), were left out due to missing global spatial data. We refined some 185 

location characteristics, for instance soil properties included eight different variables, instead of 186 

using solely an indicator for poor soils as it was done in previous studies (Levers et al 2014). We 187 

aimed to use the most suitable dataset for predictor variables. This meant that sometimes we choose 188 

consistency over actuality, e.g. the underlying road map was chosen since the data was compiled 189 

from a single year with a consistent methodology  190 
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 191 

Table 1: Predictor variables for modelling likelihoods for the occurrence of secondary, plantation and 
production forests 

Predictor Description Unit Source 

NPP Net Primary Productivity  Units of 
elemental C 

Imhoff et al. 2004 

Tree density Percentage tree cover % ISCGM et al. 2008 

Forest loss Forest change between 2000 – 2014, 
aggregated with summation 

binary Hansen et al. 2013 

Forest gain Forest change between 2000 – 2014, 
aggregated with summation 

binary Hansen et al. 2013 

Elevation Altitude in meters above average sea level m GTOPO30: 
USGS EROS 1996 

Slope Derived from elevation map % Own calculation 

Sand content Share of sand in soil texture % S-World: 
Stoorvogel et al. 2017 

Clay content Share of clay in soil texture % S-World: 
Stoorvogel et al. 2017 

Soil depth Total depth of the soil cm S-World: 
Stoorvogel et al. 2017 

Depth of topsoil Depth of the topsoil layer cm S-World: 
Stoorvogel et al. 2017 

C content in 
subsoil 

Carbon content in the subsoil layer  S-World: 
Stoorvogel et al. 2017 

C content in top 
50 cm 

Carbon content in the layers of the top 50 cm 
of the soil 

 S-World: 
Stoorvogel et al. 2017 

C content in 
topsoil 

Carbon content in the topsoil layer  S-World: 
Stoorvogel et al. 2017 

Drainage 
classes 

Soil drainage differentiating between 7 
different classes from 1: Very poorly drained 
to 7: Excessively drained 

Categorical WISE30: 
Hengl et al. 2014 

Aridity Index Ratio between average yearly precipitation 
and average yearly potential 
evapotranspiration.  

No unit CGIAR-CSI Global-Aridity 
and Global-PET Database: 
Zomer et al. 2007; Zomer et 
al. 2008 

Market 
accessibility 

Distance and travel time to international and 
regional markets 

No unit Verburg et al. 2011 

Travel time to 
major cities 

Accessibility measured in travel time to cities 
with >50.000 inhabitants 

hours Uchida & Nelson 2009; 
Uchida & Nelson 2010 

Distance to 
roads 

Euclidian distance to roads calculated based 
on the most consistent global road map 

km Dubinin 2014 

Distance to 
rivers 

Euclidian distance to rivers km  Pape 2004 

Population 
density 2015 

Population density, downscaled with urban 
built-up areas 

People/km2 Freire & Pesaresi 2015 

Aggregated 
governance 
index 

Determines perception of governance within 
a country. Aggregation by sum of 4 indices: 
regulatory quality, government effectiveness, 
control of corruption and rule of law  

 

No unit Kaufmann & Kraay 2017 
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(Dubinin 2014). Some variables were additionally tested in a truncated or relativized (difference 192 

from optimum) form to account for potential non-linear responses. A thorough elaboration on these 193 

modifications, a rationale for choosing the variables and its expected cause and/or influence is 194 

given in the SI (Table S_2). To predict the likelihood of forest classes and uses, we used a 195 

multinomial logit model. Modelling was conducted in R (R Core Team 2016), using the multinom 196 

algorithm from the nnet package (Venables and Ripley 2002). A step-wise model reduction was 197 

applied by excluding those variables that are increasing the Akaike Information Criterion value 198 

(Snipes and Taylor 2014). To estimate the final model fit, we calculated the receiver operating 199 

characteristic curve and the area under this curve, both with functions from the pROC package 200 

(Robin et al 2011). Besides the original forest categories, we estimated if combining sub-categories 201 

would increase model performance, i.e. combining primary and secondary forests to ‘natural 202 

forests’, no use and abandoned to ‘not currently used forests’ or abandoned and production forests 203 

to ‘historically or currently used forests’.  204 

Likelihood maps in form of 1 x 1 km2 raster layers were calculated by means of model outcomes 205 

and used for the allocation of forest classes and uses. For countries where all three forest classes 206 

of level 1 were reported, we used a numerical allocation algorithm. Forest classes were first 207 

assigned according to the relative highest likelihood value (i.e., the forest management type with 208 

the highest likelihood at a location is allocated). The allocated areas were then compared with the 209 

extent given in the data. If the allocated extent was too small or too big, the values of each pixel 210 

of the likelihood maps for that specific forest class were increased or decreased, respectively. The 211 

procedure was done until the values given in the FRA/subnational data were met. This allocation 212 

procedure was implemented with a modified version of the Dyna-CLUE model, which has this 213 

algorithm embedded in the software (Verburg and Overmars 2009).  214 
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For countries, where primary forest and only one other forest class was reported (i.e. without either 215 

secondary forests or planted forests), a simple allocation procedure was used. In this case, the 216 

highest values in suitable areas were assigned to the respective class until the extent given in the 217 

FRA was fulfilled. The remaining areas were classified as primary forest. The allocation of forest 218 

uses followed a similar procedure. First production forests were allocated to areas with highest 219 

production suitability until the given extent was met. Due to the lack of data points for multiple 220 

use forests and hence a suitability map, production likelihood was also utilized for the allocation 221 

of this forest use type: Areas not assigned as production forests with the highest likelihood values 222 

were classified as multiple use forests until the given extent was met. This followed the rational 223 

that timber harvest is often an important part of multiple use forests but is usually done in a less 224 

intensive manner than in production forests (Horne et al 2005). The remaining areas were 225 

classified as used for primarily other purposes (other/no use). 226 

We tested the difference between the numerical allocation algorithm and a simple hierarchical 227 

approach. In the hierarchical algorithm, plantations were allocated first, followed by secondary 228 

forests and the remainder of the forest area was classified as primary forests. 229 

For planted and production forests, areas of intact forest landscapes (Potapov et al 2008) were 230 

excluded from the allocation procedure. Likelihoods for planted forests within protected areas of 231 

any category by the International Union for Conservation of Nature (IUCN) (IUCN and UNEP-232 

WCMC 2015) were rescaled to values below the minimum value of the map by subtracting the 233 

range of likelihood values. The same was done for production forests within protected areas of the 234 

categories Ia, Ib, and II. This ensures that these protected areas are only considered if no other 235 

location is possible. These exclusions followed the IUCN definitions (Dudley and Phillips 2006) 236 
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but violation of the premise has been reported (see e.g. Peter and Pheap 2015 for Cambodia) and 237 

logging was identified as an important threat to many protected areas (Schulze et al 2018). 238 

2.4. Comparison with other studies 239 

No comparable global dataset on forest classes and uses exists so far. The spatial global 240 

distributions of plantations, secondary and primary forests, or production and multiple use forests 241 

are therefore unknown. This makes the validation of our map impossible. However, our maps were 242 

compared with different existing datasets. 243 

First, we collected 47 additional data points within literature from 2015 to 2017 in Web of Science 244 

(www.webofknowledge.com) using the same search query like Chaudhary et al (2016) (see SI). 245 

Those points were classified as planted or not planted forests for level 1 classes. For level 2, areas 246 

used for production were identified. A finer classification, i.e. including primary and secondary, 247 

or multiple use and other use forests, was not possible, since the interpretation of the descriptions 248 

given in the literature was too uncertain. We evaluated how far planted and non-planted forest 249 

points are away from planted areas classified in our map and compared the distances. Additionally, 250 

we assessed the distance between timber logged points from the literature and the predicted areas 251 

of production forest in our map and compared them to a random sample. 252 

Second, the location of unmanaged forests, part of the global map of certified forests (Kraxner et 253 

al 2017) was compared to predicted locations level 1 forest classes in our map. We assumed that 254 

unmanaged forests should be mostly primary forests and were not planted. Third, predicted 255 

plantations were compared with a map of plantations in selected tropical countries based on remote 256 

sensing interpretation (Petersen et al 2016). Only rubber and timber plantations were thereby 257 

considered, since all other (i.e. fruit, palm and unknown) are not included in the planted forests 258 

http://www.webofknowledge.com/
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extents in the FRA. Because of that, no plantations in Colombia and Liberia were included. 259 

Furthermore, rubber plantations in Indonesia were excluded, since they are not part in this 260 

country’s FRA data (FAO 2014). We then calculated the distance of the locations in the plantation 261 

dataset to the nearest predicted plantation in our map. To estimate the performance we compared 262 

this result to two random samples in the countries under consideration. One sample consisted of 263 

random locations within the countries’ terrestrial area, the other within the countries’ forest area. 264 

Fourth, we compared the trends of wood production in European forest (Verkerk et al 2015) 265 

between our forest categories. Fifth and last, we checked for agreement of our map with the 266 

European forest management types mapped by Hengeveld et al (2012). To do so, we assumed that 267 

even aged and short rotation forestry correspond with our class of forest primarily used for 268 

production. Combined objective forestry was assumed to equal to forests used for multiple 269 

purposes. Nature Reserve and Close-to-Nature Management describe forests used primarily for 270 

other functions. 271 

3. Results  272 

3.1. Predictors of forest management 273 

Significant predictors for the forest categories, as well as their estimated effects are presented in 274 

Table 2. Summarizing, we found that even though significant predictors are different for the 275 

different world regions, variables from all groups were significant. For all regions, the likelihood 276 

of timber production increased in more arid areas (Table 2). This might seem contradictory to the 277 

previously investigated positive relationship between precipitation and forest productivity in  278 
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Table 2: Results of the multinomial logit regression models on significance (* indicates a p < 0.01 and  a p < 0.05). The reference level of the 

dependent variable for level 1 was primary forest and for level 2 it was no/other use forest. 

Level 1 
 

(Sub-) Tropical forests Temperate vegetation Boreal forests (Sub-) Tropical grassland 

Variable 
 

Secondary Plantation Secondary Plantation Secondary Plantation Secondary Plantation 

(Intercept) 
 

-2.1 * -6.9·10-1 * -6.2 * -2.2   -4.3·10 * -1.0·10 * -3.7·10 * 1.4·103 * 

Travel time to cities  
 

6.2·10-4 * -8.9·10-5 
 

2.8·103 
 

5.4·103  1.1·102 * -4.9·10 * 
    

Market access index  
     

1.0·10 * 8.1 * 
   

  
    

Trunc. market index 
        

  
   

  6.3·102 * -2.4·102 * 

Distance to roads 
 

2.4·10-5 * -4.0·10-5 * 
   

  -4.8·10-4 * 2.0·103 * 
    

Population density 
 

-9.9·10-4 
 

7.3·103 
    

  
   

  
    

Trunc. population density 
     

1.6·10-2 
 

3.5·10-2   
   

  
    

Aggr. governance index 
     

2.8 * -1.4 * 8.5 * -3.8·10 * 
    

Forest gain 
     

1.3·10-2 
 

5.6·10-2 * 
   

  
    

Forest loss 
 

2.5·10-3 
 

3.9·10-3 * 
   

  
   

  
    

Sum loss and gain 
        

  
   

  -2.7 
 

-2.0 * 

% tree cover 
 

-9.0·10-3 
 

-5.7·10-2 * 
   

  
   

  -4.8 
 

-6.1 * 

Elevation 
     

-6.8·10-3 
 

-4.6·10-3  
   

  -4.2·10-1 * -1.3 * 

Slope 
        

  
   

  4.2·10-2 
 

4.1·10 * 

Aridity index 
 

7.1·10-1 * -3.4 * -1.2·10 * 5.2 * -1.7·10 * -8.9·10-1 * 9.9·102 * 1.1·103 *  
2 -1.6 * 1.3·10 * 

   
  

   
  -3.3·10 * 1.3·102 * 

Drainage class  3 -8.5·10-1 * 4.1·10-1 * 
   

  
   

  
    

  (Ref: 4) 5 1.0 * -1.0 * 
   

  
   

  2.1·102 * -2.0·102 *  
6 -9.7·10-1 * -2.3 * 

   
  

   
  2.6·10 * -4.1·102 *  

7 -1.5·10 * -2.3·10 * 
   

  
   

  
    

Depth topsoil 
 

5.9·10-2 * -6.2·10-2 
    

  
   

  -5.3 * -1.8·10 * 

Soil depth 
 

-7.3·10-3 
 

6.0·10-2 * 
   

  
   

  
    

Trunc. topsoil carbon 
 

-1.2·10-2 
 

3.6·10-2 * 
   

  
   

  -9.2 
 

5.2 * 

Relative clay content 
     

1.1·10-1 
 

6.8·10-2   -4.9·10-1 * 3.2·10-1 * 2.1·10  2.9·10 * 

Relative sand content 
 

-2.0·10-2 
 

7.2·10-2 * 
   

  
   

  
    

Net primary production 
 

-2.7·10-2  7.1·10-2 * -7.4·10-2 
 

-5.9·10-2   5.3·10-1 * 2.7·10 * -9.8 * -3.0·10 * 

AUC 
 

0.890 
 

0.940 
 

0.779 
 

0.986   0.987 
 

1.000   1.000 
 

1.000 
 

*: p < 0.01; : p < 0.05; Trunc.: Truncated; Aggr.: Aggregated; Ref: Reference level 
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Table 2 (cont.): Results of the multinomial logit regression models on significance (* indicates a p < 0.01 and  a p < 0.05). The reference level of 

the dependent variable for level 1 was primary forest and for level 2 it was no/other use forest. 

Level 2 
 

(Sub-) Tropical forests Temperate vegetation Boreal forests (Sub-) Tropical grassland 

Variable 
 

Abandoned Production 
 

Abandoned Production   Abandoned Production   Abandoned Productio

n 

 

(Intercept) 
 

-2.9·10-1 * -1.1 * 6.4·10 * -2.3   1.4 * 4.6·10 * -1.3·103 
 

2.3·103  

Market access index  
 

2.9 * -3.8·10-1 * 
   

  
   

  -1.9·103 * -1.2·103 * 

Distance to roads 
 

6.7·10-5 * 2.4·10-5  
   

  -1.6·10-4  -2.5·10-4 * 2.4·10-1 
 

9.9·10-2  

Population density 
 

1.9·10-3 
 

6.5·10-3 * 
   

  
   

  
   

 

Aggr. governance index 
 

1.3·10-2 * 2.3·10-1 * 4.4·10 * 1.1  
   

  
   

 

Forest gain 
        

  
   

  -8.1·10-1 
 

-1.5  

Forest loss 
 

3.9·10-3 * 2.6·10-3  
   

  
   

  -1.6·10 
 

1.1·10  

Sum loss and gain 
     

-3.6·10-1 * 1.1·10-1  
   

  
   

 

Net gain 
     

2.7·10-1 * -8.4·10-2   
   

  
   

 

% tree cover 
 

-2.9·10-2  -6.5·10-2 * 
   

  
   

  
   

 

Elevation 
     

-1.9·10-1 * 4.0·10-3  
   

  
   

 

Slope 
 

-2.1·10-1 * -1.3·10-1 * 
   

  
   

  2.2·10 * 3.7·10  

Aridity index 
 

1.4 * -1.3 * -4.4·10 * -3.8 * 2.9·10 * -7.8 * 
   

  
1 

       
  -2.4 * 1.0·10 * 

   
  

2 4.2·10-1 * 1.5·10 * 
   

  1.4 * 9.0 * -1.5·102 * 1.2·103 * 

Drainage class 3 -4.3 * 1.3·10 * 
   

  
   

  
   

 

  (Ref: 4) 5 4.2·10-1 * 1.0 * 
   

  2.5 * 1.9·10 * -1.7·103 * -4.6·10   
6 -1.4 * -1.8 * 

   
  1.5·10 * 7.2 * 3.4·102 * 1.4·103 *  

7 -2.0·10 * -3.6 * 
   

  -1.3·10 * 1.1·10 * 
   

 

Depth topsoil 
 

7.3·10-2 * 7.5·10-3 
    

  
   

  
   

 

Soil depth 
 

6.1·10-3 
 

6.1·10-2 * -2.6 * 3.9·10-2   -2.6·10-1 * -3.1·10-1 * -5.9 
 

-1.2·10  

Topsoil carbon content 
 

2.0·10-2 
 

3.2·10-2 * 
   

  
   

  
   

 

Clay content 
 

-9.2·10-2 * -4.9·10-2 * 
   

  
   

  
   

 

Relative clay content 
        

  
   

  1.4·102 * 5.1·10  

Sand content  
        

  -2.9·10-1 * -2.6·10-1 * -5.3·10 * -4.2·10 * 

Relative sand content 
     

-2.0 * -1.4·10-1   
   

  
   

 

Net primary production 
 

-4.4·10-2 * 4.7·10-2 * 
   

  -9.2·10-1 * 4.6·10-1 * 4.7·10  -1.2·10  

AUC 
 

0.932 
 

0.866 
 

1.000 
 

0.967   0.961 
 

0.967   1.000 
 

1.000  
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*: p < 0.01; •: p < 0.05; Trunc.: Truncated; Aggr.: Aggregated; Ref: Reference level 
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Europe (Levers et al 2014, Verkerk et al 2015). However excessive humidity can cause soil erosion 281 

especially when timber is harvested through clear-cutting or similar techniques that are creating 282 

openings in the crown cover. Moreover, high precipitation is mostly found in higher mountain 283 

ranges and areas of difficult accessibility. More humid conditions increased the likelihood of 284 

secondary forests in the tropics and subtropics and abandoned areas in tropical and subtropical 285 

forests. A possible explanation for this relation is the use of shifting cultivation which occurs in 286 

large areas in the humid tropics (Heinimann et al 2017). Similarly to results of a previous study 287 

(Banin et al 2014), likelihoods for plantation and timber production forests in tropical forests were 288 

increased by better soil conditions, in particular deeper, soils with higher carbon contents and less 289 

excessive drainage. The better growing conditions were also reflected in higher NPP. For the other 290 

biomes, soil conditions were less determining. Previous studies have found that terrain ruggedness 291 

and slopes reduce harvest intensities in Europe (Levers et al 2014, Verkerk et al 2015). Our results 292 

show the same relationship for production forests in the tropics but no significance for the 293 

temperate zone. Furthermore, an opposite effect occurred in production forests of tropical and 294 

subtropical grasslands. Our study potentially missed the impact of local steep slopes, due to the 295 

derivation of slope data from a 1 x 1 km2 evaluation map. Variables describing accessibility were 296 

significant for secondary and plantation forests of all biomes and for production forests of all 297 

biomes, but temperate forests. Forests used for timber harvest are usually more apart from cities 298 

due to e.g. fumes from paper and pulp mills, negative impacts of infrastructure and demand for 299 

other functions of forests closer to cities, such as recreation (Verkerk et al. 2015). In the temperate 300 

zone, where proximity between cities is usually rather high, this results in the observed positive 301 

effect of travel time. In the tropical and boreal forest, however, areas can be much more remote 302 

and inaccessible, leading to a negative effect of remoteness, in particular for planted forests. When 303 
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significant, tree cover was lower for secondary, planted and production forests, compared to more 304 

undisturbed forests systems, contrary to findings of Levers et al. (2014) and the assumptions of 305 

Hengeveld et al. (2012). Coupled with the observed positive relationships of forest loss, this 306 

implies that even though a forest with a higher tree cover might be chosen for wood production, 307 

the degrading effect of harvest on a forest is more prevalent. 308 

The area under the curve, a measure of the receiver operating characteristic curve, was in general 309 

high with values between 0.8 and 1.0 (see Table 2), suggesting a good model fit. For some 310 

categories, it even reached 1.0. However, this was likely related to the limited amount of forest 311 

data points available for some biome - forest class or use combinations. 312 

The combination of forest classes (e.g. to natural forests) and the combination of forest uses (e.g. 313 

historical and current use) did not achieve a better model fit then the original categories (see Table 314 

S_5). Likelihood raster maps, calculated by means of the regression results, formed the basis for 315 

the allocation of forest categories. When comparing the applied allocation algorithm with a 316 

hierarchical one, we found that especially the location of planted forest was affected. In each 317 

biome, approximately half of plantations did get located in a different position. For the other forest 318 

classes, differences were smaller. The final level 1 and level 2 maps can be found in Figure 2 and 319 

3, respectively. 320 

3.2. Comparison with other datasets 321 

We compared the distance of 47 data points, additionally collected from the literature between 322 

2015 and 2017, to plantations mapped in our study. We found that with an exception of two points, 323 

all plantation forests from the literature were 10 km or less away from predicted  324 
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 325 

Figure 2: Global patterns of forest classes for the year 2000. The map shows the distribution of primary, secondary and planted forest. The 

original dataset in a 1 x 1 km2 resolution is available at: www.environmentalgeography.nl. 
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 326 

Figure 3: Global patterns of forest uses for the year 2000. The map shows the distribution of forest used for production, multiple purposes or 

primarily for something else than production (other). The original dataset in a 1 x 1 km2 is available at: www.environmentalgeography.nl. 
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plantations and about three-quarter were within a radius of 5 km. Non-planted forests were more 327 

often further away. We identified in total 31 data points on timber logged forests from the 328 

literature. More than two-thirds of the points were 5 km or less away from areas classified as 329 

production forests in our maps and ca. 75% of the points were within 10 km distance from 330 

production forests. Distances between random samples and mapped production forests were in 331 

general larger (Figure S_4). 332 

Additionally, the calculated maps were compared with previously published maps of forest 333 

management or characteristics. We evaluated the location of planted and production forests within 334 

managed and unmanaged forests, delineated by Kraxner et al (2017). Compared to managed 335 

forests, unmanaged forests contained less plantation and production forest (Figure S_5). In 336 

particular, planted forests constituted 2% of the area of unmanaged forests and production forests 337 

24%. In managed forests, those types accounted for 5% and 28%, respectively. Additionally, the 338 

share of primary forest was bigger in unmanaged forest (47%) than in managed forests (34%).  339 

The distance of locations of plantations based on an existing plantation dataset (Petersen et al., 340 

2016) was compared to the nearest plantation in our prediction. More than half (56%) were located 341 

10 km or less from our predicted ones and only about 7% were further away than 50 km (Figure 342 

S_6). In South-East Asia, even 70% are within 10 km and almost all within a 50 km radius. The 343 

total size of plantations that were mapped by Petersen et al. exceeded FRA statistics for Brazil (1.5 344 

times more), Cambodia (9 times more) and Indonesia (3.5 times more). In Malaysia and Peru, the 345 

mapped areas were smaller than the FRA data (33% of the FRA data and 0.5%, respectively). 346 

Random locations were considerably more distant from the plantations in the Petersen dataset than 347 

predicted plantations (Figure S_6). 348 
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The wood production in European forests (Verkerk et al 2015) was on average higher in areas 349 

predicted to be planted, compared to secondary forests and lowest in primary forests. A similar 350 

trend was found for level 2 forest management types. Predicted production forests had on average 351 

higher wood production values, compared to multiple and other uses (Figure S_7). Lastly, our map 352 

showed in 30% of the locations an agreement with respective forest management classes mapped 353 

by Hengeveld et al (2012) in European forests (Figure S_8). 354 

4. Discussion  355 

Our study is the first global map that allocates three different forest classes and three different 356 

forest uses. We thereby provide a finer thematic resolution than any existing global forest 357 

management map. We increased the information from the FRA data by including subnational data 358 

for the seven biggest countries. Specificity was enhanced by estimating the effects and significance 359 

separately for 4 world regions rather than making global generalizations. Furthermore, 360 

relationships between forest management and location characteristics were determined 361 

empirically, thus going beyond expert-based estimates. Global maps from previous studies based 362 

the spatial allocation of forest management types solely on indicators of human use (Hurtt et al 363 

2011, Kraxner et al 2017). Our results show that variables of human impact play an important role 364 

for the location of forest classes and uses. But we found that soil or climate properties and forest 365 

conditions are having an important influence, too. These findings are similar to a previous study 366 

of drivers of forest harvest in Europe (Levers et al 2014) and make clear that forest management 367 

cannot be predicted based on a single indicator.  368 

Most of the results on significance and effect direction of predictors are supporting the findings of 369 

previous studies. Some give us new information on indicators of forest management classes. 370 
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Examples are the negative relationship of tree density to the likelihood of a forest with more 371 

disturbances (i.e. secondary, planted or production forests) or the increased likelihood for 372 

production forests in more arid areas of the tropics. One national variable was included as 373 

predictor: an aggregated governance index. While it does not affect the allocation of forest classes, 374 

its significance supports the importance of country specifics, which has been reported before for 375 

forest management in European countries (Levers et al 2014). 376 

But not every relationship corresponds with the stated hypotheses. In the tropics, the likelihood for 377 

production forests increased with the distance to roads. This could be misinterpreted as very remote 378 

forest areas without infrastructure being more likely used for production, contradicting to the link 379 

between accessibility and wood harvest (Kleinschroth and Healey 2017). While being consistent 380 

in time and methodology, the roadmap of our choice did not include smaller roads. Hence the 381 

relationship refers to the bigger road network. Rivers are a common transporting way of timber 382 

logs in tropical forests, especially in areas that are hard to access. To account for the rather low 383 

coverage of roads especially in the tropics, the distance to rivers was tested as well. There was a 384 

significant relationship when tested in univariate models, but it did not increase the model quality 385 

(measured with the Akaike Information Criteria) of the multivariable models and hence it was not 386 

included. We refrained from using a threshold for remoteness (Levers et al 2014), since it would 387 

largely depend on the country and region and would affect the consistency of our methodology.  388 

The high AUC values for our model are a sign for a good model fit and the derived likelihood 389 

maps can be considered to be relatively accurate. Because of the lack of a ‘true’ global map of 390 

forest management, it is not possible to provide an accuracy assessment or error estimation. When 391 

comparing our maps with several different previous datasets, they performed better than random 392 
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samples and often matched within a distance of 10 km. The mapped area of planted forest was 393 

thereby more similar to the external data than the maps for production forests.  394 

Despite the given definitions and the strive to create a consistent dataset, the FRA bears 395 

uncertainties, due to errors in national inventories, projection errors and/or aggregation of classes 396 

(Grainger 2008). The provided tier system can give an indication of the reliability of the data 397 

source. However, more sophisticated measurement methods (and hence a higher tier) does not 398 

necessarily provide higher accuracy (Hill et al 2013). We, therefore, did not include the tiers as a 399 

measure of accuracy of the data or our map. Adding to the existing uncertainties in the FRA, 400 

several assumptions were made for countries where data was missing, to minimize data gaps in 401 

our maps. All these inconsistencies lead to country effects, as they occur for example at the borders 402 

between Colombia, Brazil, and Peru. Even though the FAO made an effort to reduce the reporting 403 

burden, the previously observed differences of monitoring capacity between countries (Furukawa 404 

et al 2015) seem still existent. Furthermore, forest classes and uses seem to not always be 405 

understood the same way, even though they have a relatively clear definition. For instance, primary 406 

forests are defined as forests without “clearly visible indications of human activities” (MacDicken 407 

2012, p 7). Hence, primary forest areas should not be intensively used for production. However, 408 

for nine countries the reported extents for both sub-categories were so large, that they had to 409 

overlap. For planted forests, it is often not clear which type of plantations are considered within 410 

the data. The huge and inconsistent differences between the amounts mapped by Petersen et al 411 

(2016) and the given FRA data emphasize this issue. However, when the distribution of plantations 412 

predicted in this study and mapped by Petersen et al (2016) were compared in the Malaysian 413 

peninsular (the only validated region within their dataset) patterns show similarity (see Figure 4). 414 

Furthermore, monitoring of the extent of multiple use forests and the distinction to production 415 



26 

 

forests seems to be a problem. In some cases, the extents for production and for multiple use forests 416 

were for both so large, that they had to overlap within the given forest area, even though their 417 

definitions imply that they cannot coexist at the same place. Additionally, 19 countries do report 418 

all their forests as multiple use forests and about 29 countries do report level 1 forest management 419 

classes, but neither production nor multiple use forests. These are probably the reasons, why level 420 

2 forest management types show bigger differences to maps from other studies than plantations 421 

do. Our map visualizes these data problems and will hopefully contribute to more attention for 422 

solving these inventory and reporting issues.  423 

Another limitation of our study is the point data on forest management, which formed the base of 424 

the relation estimation of location factors. The locations do not cover the world’s forest areas 425 

evenly. For example, data points from the boreal forest areas are concentrated within Canada and 426 

Northern Europe, while points in Russia are rather sparse (Figure S_2). Furthermore, the 427 

Figure 4: Comparison between 

mapping approaches on the 

Peninsular of Malaysia. The picture 

shows that there are the 

differences and similarities of our 

approach with the mapping by 

Petersen et al. (2016). While 

patterns are similar, the amounts of 

mapped plantations are not equal 

and some mapped areas by 

Petersen et al. occur outside of our 

designated forest cover. 
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PREDICTS database – the source for most of our data points, is not intended to report forest 428 

management. The occurrence of timber logging does not necessarily determine production forests, 429 

which was, however, something we postulated in this study. Additionally, the described area might 430 

be just an exception in the matrix of a different forest or land use class.  431 

Summarizing, the presented map has still uncertainties and reflects some well-known problems 432 

with the underlying FRA statistics. It should, therefore, not be regarded as a ‘true’ map of global 433 

patterns of forest classes and uses. Future applications, especially non-global studies, need to 434 

thoroughly evaluate the underlying national data extents, e.g. with the FRA country reports, 435 

beforehand. It is crucial to understand that differences in extents and patterns are often due to 436 

inconsistent interpretations of forest classes and uses, rather than actual differences of the forest 437 

properties. 438 

Nevertheless, these maps are a first step to map global forest management and are improving our 439 

understanding of these patterns substantially. The product is bringing together the best knowledge 440 

and currently available data. It is complementary to existing products, by providing spatial 441 

allocation of forest classes and uses that have not been mapped before. The maps perform better 442 

than random and locations of plantation forest deviate mostly not more than 10 km to other data 443 

and observations. They can therefore be used to improve global studies on land management for 444 

climate change mitigation and biodiversity protection. Potential applications include the support 445 

of assessing priority areas for protected area networks by providing an indication of the naturalness 446 

of a forest area. So far, only close and open forests are distinguished, whereby both have very high 447 

values of naturalness (Montesino Pouzols et al 2014). They can also improve research on global 448 

land-based climate change mitigation strategies. Land modelling approaches estimating future 449 

scenarios on land-based mitigation do currently take into account afforestation and avoided 450 
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deforestation, but forest management types are lacking (Kim et al 2006, Lotze-Campen et al 2008, 451 

Stehfest et al 2014). Furthermore, due to the consistent and simple approach we used, it is easily 452 

possible to advance upon with other methods and more detailed information once available, such 453 

as improved national statistics, e.g. the upcoming FRA 2020, ground-based information and/or 454 

citizen science contribution. Both maps are available and freely accessible at 455 

www.environmentalgeography.nl. 456 
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