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Abstract 12 

Tree cover in China has undergone massive changes through deforestation, reforestation, and 13 

afforestation during the last 60 years. This study investigates the distribution of tree cover in the 14 

eastern part of China in 2010, and how it is related to climate, topography, and anthropogenic 15 

pressure. We use random forest modeling of remote sensing data for tree cover, together with data 16 

for topography, climate, and anthropogenic pressure. Our results show that 2,136,000 km2 had tree 17 

cover ≥ 25% in the eastern part of China in 2010 and that the areas with high tree cover were mainly 18 

distributed in north-eastern, southern, and south-central China. The variable that best explains the 19 

distribution of tree cover is actual evapotranspiration followed by slope and population density. The 20 

association between slope and tree cover increases as population density rises, suggesting that the 21 

association may be influenced by anthropogenic land use intensity and that slopes act as refugees for 22 

forests. Our study emphasizes the need to pay attention to the association between slope and tree 23 

cover and especially to the anthropogenic factors that, entirely or to some extent, drive this 24 

association.  25 

 26 

Keywords: China; Tree cover 2010; MODIS; Anthropogenic pressure; Human impacts; Topography.  27 
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1. Introduction 28 

Forests are of major importance to human society, providing several critical ecosystem services, such 29 

as climate regulation, storage of CO2, repositories of biodiversity, conservation of soil and water 30 

resources (Bonan, 2008; Federici, Tubiello, Salvatore, Jacobs, & Schmidhuber, 2015; Miura, 31 

Amacher, Hofer, San-Miguel-Ayanz, & Thackway, 2015; Morales-Hidalgo, Oswalt, & Somanathan, 32 

2015; Peng et al., 2014; Vié, Hilton-taylor, & Stuart, 2009; Wenhua, 2004). Forests are also  important 33 

resources for humans and contributes to the economy, both local and global (FAO, 2010; Muning et 34 

al., 2011). Despite the importance of forests, the forest cover has declined considerably over the last 35 

centuries due to human pressure. More recently, it was estimated that more than 700,000 km2 of forest 36 

have been cleared since 1990 (Pagnutti, Bauch, & Anand, 2013). The main drivers for deforestation 37 

and forest degradation are agricultural expansion, logging and wildfires (Hosonuma et al., 2012; 38 

Pagnutti et al., 2013; Sandel & Svenning, 2013). Conversely, within recent years tree cover has 39 

increased in many countries (Pagnutti et al., 2013; Sandel & Svenning, 2013).  40 

 China is one of the countries that historically has undergone drastically deforestation but where 41 

tree cover in recent years has increased (FAO 2011; Harkness, 1998; Liu & Diamond, 2005; Payn et 42 

al., 2015; Yin, Xu, Li, & Liu, 2005) and the  forests in China have  undergone considerable changes 43 

especially during the last 60 years. In the period after the formation of the People’s Republic of China 44 

in 1949, during the Great Leap Forward (1958-1960) and national strategy of food self-sufficiency 45 

(1960s and 1970s),  extensive deforestation took place which changed forest age and composition 46 

substantially (Harkness, 1998; Liu & Diamond, 2005; Yin et al., 2005). It was also primarily during 47 

the 1960s and 1970s that farming on steep slopes became common which led to deforestation of these 48 

areas, which previously had some kind of protection due to their steep and inaccessible terrain (Yin 49 

et al., 2005). 50 
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 A growing awareness of the need to protect forests began in the end of 1970s. This was mainly 51 

due to the increase in extension and frequency of natural disturbances, such as dust storms, landslides, 52 

droughts and floods, which were directly caused or exacerbated by the deforestation (Liu & Diamond, 53 

2005; G. Wang, Innes, Lei, Dai, & Wu, 2007; Wenhua, 2004; Yin et al., 2005). As early as 1978 54 

China launched its first huge afforestation program, the Three North Forest Shelterbelt Program, to 55 

combat desertification (X. M. Wang, Zhang, Hasi, & Dong, 2010). However, it was not until the late 56 

1990s and early 2000s that afforestation and reforestation programs accelerated in China. The reason 57 

was primarily the Natural Forest Protection Program (launched in 1998) and the Slope Land 58 

Conversion Program, also known as the Grain for Green Program or the Conversion of Cropland to 59 

Forest Program (launched local in 1999 and national 2001) (G. Wang et al., 2007; Wenhua, 2004; 60 

Yin et al., 2005; Y. Zhang & Song, 2006). 61 

 Naturally, the distribution of the earth´s vegetation type would be determined by environmental 62 

factors, especially climate (Adams, 2009; Frank & Inouye, 1994; Greve, Lykke, Blach-Overgaard, & 63 

Svenning, 2011) and a good measure for climate is actual evapotranspiration (AET) as it takes both 64 

water and energy into account and has been found to correlate well with vegetation types (Frank & 65 

Inouye, 1994; Stephenson, 1998). However, anthropogenic factors, such as logging, agriculture and 66 

urban expansions, are also affecting the distribution of  the earth´s vegetation types (Adams, 2009; 67 

Greve et al., 2011). Not only contemporary anthropogenic factors but also historical factors, such as 68 

historical human land use and historical human population density affects the distribution of 69 

vegetation (Dullinger et al., 2013; Feng, Mao, Benito, Swenson, & Svenning, 2016). Moreover, other 70 

studies have found that tree cover is also associated with topography as steep terrain has some natural 71 

protection against anthropogenic land use, being less accessible and requires more work to cultivate 72 

(Freitas, Hawbaker, & Metzger, 2010; Odgaard, Bøcher, Dalgaard, Moeslund, & Svenning, 2014; 73 

Sandel & Svenning, 2013; Silva, Metzger, Simões, & Simonetti, 2007).  74 
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 The intensive cultivation of steep slopes in China and the subsequent effort to replant the slopes 75 

to counteract landslides and soil erosion make the interaction between terrain slope and tree cover of 76 

special interest for China. Although the relationship between slope and tree cover has been addressed 77 

in other studies regarding China, it has mainly been local studies and without the focus on 78 

understanding the association between tree cover and anthropogenic pressure. There might also be 79 

difference in local drivers affecting the relationship between tree cover, topography and 80 

anthropogenic pressure. Therefore, we assess the interaction between the distribution of tree cover, 81 

slope steepness and anthropogenic pressure on a larger scale in the eastern part of China in 2010. We 82 

focus on the eastern part as the western part of China naturally has low tree density due to semi-arid 83 

and desert climate. We investigate the spatial distribution of tree cover in the eastern part of China in 84 

2010, hypothesizing that actual evapotranspiration and topographic slope are important explanatory 85 

factors, with tree cover increasing with increasing slope steepness, and the tree cover-topographic 86 

slope relation itself increasing with increasing anthropogenic pressure. Understanding the interactions 87 

between topography, anthropogenic factors and tree cover can help guide the decision-making 88 

regarding reforestation and afforestation programs, which again can help the effort to conserve 89 

biodiversity and reduce environmental problems, such as landslide risk and desertification.  90 

  91 
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2. Materials and methods 92 

2.1 Study area 93 

The study area was roughly eastern China. Western China with mostly semi-arid and desert climate 94 

was excluded from our study area, as tree density here is naturally very low. More precisely were all 95 

prefectures where more than half of the counties within had less than 400 mm precipitation annually 96 

excluded.  97 

 Our final study area was 4,873,475 km2 (≈ half of China), including 300 prefectures, 2086 counties 98 

and 194,939 5×5 km (25 km2) grid cells (Fig. 1). 99 

 100 

2.2 Environmental and anthropogenic data 101 

Estimates of tree cover for 2010 was derived from the Moderate Resolution Imaging 102 

Spectroradiometer (MODIS) Vegetation Continuous Fields dataset (250 m resolution) (DiMiceli et 103 

al., 2011). We used mean annual actual evapotranspiration (AET) from the Global-High-Resolution 104 

Soil-Water Balance dataset (30 arcsec resolution) (Trabucco & Zomer, 2010) to capture the water 105 

availability in relation to energy (Fig. A1a in Appendix A). To capture the terrain we used the spatial 106 

analyst tool in ArcGIS to calculated slope (Fig. A1c in Appendix A) and topographic roughness (slope 107 

of slope) from elevation data derived from Shuttle Radar Topography Mission (90 m resolution) 108 

(Jarvis, Reuter, Nelson, & Guevara, 2008). Topographic roughness was highly correlated with slope 109 

(r > 0.7, see Table C1 in appendix C) and was therefore kept in a separately model. However, it 110 

explained the same amount of variance and had the same importance as slope in the random forest 111 

models. Slope is a more intuitive variable and therefore kept instead of topographic roughness in our 112 

models. 113 

 114 
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 115 
Fig. 1. a) Study area and percentage tree cover across China in 2010, for b) 5×5 km grid cells, c) counties and d) 116 
prefectures. 117 
 118 

 For anthropogenic influence, we used population density for the years; 1500, 1800, 1900, 1950, 119 

1970 (5 arcmin resolution) (Goldewijk & Beusen, 2011; Klein Goldewijk et al., 2010), 2000 and 2010 120 

(30 arcsec resolution) (Center for International Earth Science Information Network - CIESIN - 121 

Columbia University, 2015). However, human population density for the different years were, not 122 
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surprisingly, highly correlated with each other and were therefore kept separately in the models (see 123 

Table C1 in Appendix C for r values). Population density for the different years had similar 124 

explanatory power (±0.5% variance explained) and the most recent year 2010 (PopD2010) was 125 

therefore chosen for further analyses (Fig. A1b in Appendix A). We also obtained Gross domestic 126 

product (GDP) for the year 2000 for all counties in China (National Bureau of Statistics of China, 127 

2001) and calculated GDP per area (km2)  for counties and prefectures. Human Influence Index (HII) 128 

(1 km resolution) (Wildlife Conservation Society - WCS - and Center for Interntional Earth Science 129 

Infrmation Network - CIESIN - Columbia University, 2005), which is an index going from 0 (no 130 

impact) to 64 (maximum impact) was also used to investigate the relationship with slope. See figure 131 

A1d in appendix A for map for HII. Human Influence Index can be used to describe anthropogenic 132 

impacts on the environment, as it combines data for population density with information on human 133 

land use, infrastructure and accessibility. 134 

 All data were projected to the Albers Equal Area Conic projection and converted to their mean 135 

values for three scales; 5×5 km (25 km2) grid cells, counties and prefectures. ArcGIS 10.2 (ESRI, 136 

Redlands, CA) was used for all GIS operations. 137 

 138 

2.3 Random Forest 139 

We used Random Forest regression (Breiman, 2001), R package randomForest version 4.6-12 (Liaw 140 

& Wiener, 2002), to determine which environmental and population variables best explained the tree 141 

cover in China in 2010.  142 

 Random Forest (RF) is a machine learning technique, which ensemble regression and 143 

classification trees, hence the forest, to reduce the variance and thus improve prediction accuracy. 144 

The randomness arise in two ways, first each tree is based on a random subset of the observations 145 

(bootstrap samples) and second each split in each tree is based on a random subset of variables. RF 146 
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is among the best performing machine learning models for regression and classification regarding 147 

variable importance and predicting species distribution (Lawler, White, Neilson, & Blaustein, 2006; 148 

Li & Wang, 2013; Prasad, Iverson, & Liaw, 2006). 149 

 The number of trees (ntree) and the number of variables considered at each split (mtry) can 150 

influence the performance of RF models. We used 1,000 trees, as the decrease in error only improved 151 

slightly above ntree = 100 (Fig. B1 in appendix B) and the computation time increased with increase 152 

in ntree. The default mtry (number of variables divided by 3) was used as it yield optimal or close to 153 

optimal performance of the models. This is consistent with the study of Díaz-Uriarte & Alvarez de 154 

Andrés, 2006, who evaluated the performance of RF models depending on changes in the parameters 155 

and found that changes in the parameters in most cases have negligible effects.  156 

 The predictive power of RF is not influenced by correlated variables (Breiman, 2001). However, 157 

correlated variables can mask the importance of each other as they are substituted by related variables 158 

and thereby impair the interpretation of the variable importance. Therefore, Pairwise Pearson’s 159 

correlation coefficient (r) for all variables on all scales was calculated (see Table C1 in Appendix C 160 

for r values) and variables with r > 0.7 were kept separate in different RF models. 161 

 To investigate which variables were important and improved the models we used the permutation-162 

based MSE reduction (Díaz-Uriarte & Alvarez de Andrés, 2006; Grömping, 2009) and the 163 

permutation importance (PIMP) algorithm (Altmann, Tolosi, Sander, & Lengauer, 2010) in R 164 

package vita (Variable Importance Testing Approaches) version 1 (Ender, 2015). Furthermore, to 165 

find the simplest model with the most relevant variables we used recursive feature elimination 166 

(Gregorutti, Michel, & Saint-Pierre, 2016), where the least relevant variable is eliminated and a new 167 

permutation importance measure is computed at each step. 168 

 We ran all the analyses on three scales, 5×5 km grid cells, county level and prefecture level. The 169 

reason for the analyses on county and prefecture level was that the obtained GDP data were from 170 
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county level, but also to see if there were any differences between human-made scales, e.g. due to 171 

local policies and enforcement of legislation. 172 

 173 

3. Results 174 

North-eastern, southern, and south-central China had most areas with high tree cover and tree cover 175 

was mostly associated with AET, followed by slope and human population density. Tree cover 176 

increased as slope steepness increased and the relationship between tree cover and slope increased as 177 

human population density rises, indicating that the association, at least partly, is caused by 178 

anthropogenic pressure. 179 

2.136.000 km2 of our study area had tree cover ≥ 25%, with 1,007,650 km2 having tree cover ≥ 50% 180 

and 40,750 km2 having tree cover ≥ 75%. Areas with high tree cover were mainly concentrated in 181 

north-eastern China, southern China and southcentral China (Fig. 1). 182 

 AET and slope together explained 42% of the variance in the tree cover data for 2010 for the 5×5 183 

km grid cells and 73% of the variance at the county and prefecture levels. Both had highly significant 184 

effects, but with AET most important on all three scales (Fig. 2 and Table 1).  185 

 Variance explained increased and error decreased if human population density was also included 186 

in the models. Population density was highly significant, but not as important as AET and slope (Fig. 187 

2). Variable importance is determined by calculating how much the percent increase in the mean 188 

squared error (residuals) changes when a variable is randomly permuted. With population density 189 

included, the explanatory power increased by 9% and 5% for models at county and prefecture level, 190 

respectively, and by 13% for model on 5×5 km grid cells (Table 1). In terms of the effect of human 191 

population density, replacing density in 2010 with density in another year (1500, 1800, 1900, 1950, 192 

1970 and 2000) in models with AET and slope hardly changed explanatory power at county and 193 

prefecture levels. Whereas including human population density in 1900 (PopD1900), which is slightly 194 
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correlated with density in 2010 (PopD2010) at 5×5 km scale (Pearson r = 0.7), in models with AET, 195 

slope and PopD2010 the explanatory power increased to 58% on the 5×5 km scale (Table 1). Though, 196 

PopD1900 seemed slightly more important than the most recent data for 2010 when they were 197 

together in the random forest model (Fig. 2),  they influenced the explanatory power equal good if 198 

they were kept separately in the model. Furthermore, it can be difficult to interpret variable 199 

importance between two correlated variables (see method section 2.3). The importance pattern for 200 

AET, slope and PopD2010 were consistent across all scales (Fig. 2). GDP per Area had also 201 

significant importance in the models at county and prefecture level, although little or no improvement 202 

of explanatory power (Table 1). 203 

Table 1 

Comparison of selected random forest models with increased complexity for the three scales 

Scale MSR %Var. explained Variables (after importance)a 

5×5 km  grid 
cells 

269.0 41.9 AET*** Slope***   

210.4 54.5 AET*** Slope*** PopD2010***  

195.4 57.8 AET*** Slope*** PopD2010*** PopD1900*** 

Counties 
60.8 72.5 AET*** Slope***   

41.7 81.1 AET*** Slope*** PopD2010***  

39.2 82.3 AET*** Slope*** PopD2010*** GDP/Area* 

Prefectures 

49.4 72.8 AET*** Slope***   

41.0 77.4 AET*** Slope*** PopD2010***  

44.7 75.4 AET*** Slope*** PopD2010*** GDP/Area* 
a Variables listed according to their importance (see Fig. 2). 
*** = p-value ≤ 0.001 and * = p value ≤ 0.05. 
Acronyms: MSR = mean of squared residuals (error), %Var. explained = percentage of variance the random forest 
models can explain (explanatory power), AET = actual evapotranspiration, GDP/Area = gross domestic product per 
km2, PopD2010 and PopD1900 = population density for the year 2010 and 1900, respectively. 

 204 
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 205 
Fig. 2. Random forest regression results for the variable importance for 5×5 km grid cells (bottom axis), county and 206 
prefecture levels (top axis). Variable importance is determined by calculating how much the percent increase in the mean 207 
squared error (residuals) changes when a variable is randomly permuted. Acronyms: AET = actual evapotranspiration, 208 
GDP/Area = gross domestic product per km2, PopD2010 and PopD1900 = population density for the year 2010 and 1900, 209 
respectively. 210 

 211 

 Our results show that logically there is more tree cover in areas with higher AET (Fig. 3a, and Fig. 212 

D1a and Fig. D2a in Appendix D), and that the pattern for AET to some degree corresponds to the 213 

distribution of tree cover (Fig. A1a in Appendix A). Tree cover and slope also show a strong and 214 

general positive association, with more tree cover on steeper slopes (Fig. 3b, and Fig. D1b and Fig. 215 

D2b in Appendix D). This trend can also be seen in Fig. 4 and by comparing the pattern for slope 216 

(Fig. A1c in Appendix A) to the distribution of tree cover (Fig. 1b). The measures for anthropogenic 217 

influence, population density and GDP/area, both show a negative association with tree cover, 218 

resulting in less tree cover in areas with higher population density and GDP/area (Fig. 3c-d, and Fig. 219 

D1c-d and Fig. D2c-d in Appendix D and Fig. A1b in Appendix A). 220 

 221 
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 222 
Fig. 3. Tree cover in 2010 as a function of a) AET, b) Slope, c) PopD2010, and d) GDP/Area for counties. 223 

 224 
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 225 
Fig. 4. Examples of anthropogenic associations between tree cover and topography, in Yunnan, China (Photos by J. 226 
Nüchel). 227 

 228 

 The association between slope and tree cover is more or less the same for low, medium and high 229 

population density for small slopes. However, as slope increases the association with tree cover 230 

decreases or ceases altogether at low population densities. Whereas the relationship between slope 231 

and tree cover continues with higher population density (Fig. 5). The pattern is the same on all scales 232 

and with different intervals of population density (Fig. 5 and Fig E1-3 in Appendix E).  This indicates 233 

that the effect of slope on tree cover is at least partly caused by anthropogenic factors. Fig. 4 also 234 

shows some examples of the effect of slope on tree cover caused by anthropogenic land use, e.g. 235 

agriculture. Furthermore, anthropogenic pressure, measured by Human Influence Index and 236 
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population density, are most pronounced on relatively flat terrain and show a decreasing trend with 237 

increasing slope on all scales (Fig. F1). 238 

 239 

 240 
Fig. 5. The effect of population density on the relationship between tree cover and slope for prefecture (a), county (b) 241 
and 5× 5 km grid cells (c-d). a-c) Population density < 300 person/km2 (blue) and population density ≥ 300 person/km2 242 
(red). d) Population density < 200 person/km2 (green), population density 200-400 person/km2 (blue) and population 243 
density > 400 person/km2 (red). Lines are not extrapolated and display LOESS regression fits. Points lay on top of each 244 
other in some cases, e.g. there are blue points under the red points in c-d and green points under the blue and red points 245 
in d. (See also Fig. E1-3 in Appendix E for other population density intervals for all scales) 246 
 247 
 248 
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4. Discussion 249 

Investigating the spatial distribution of tree cover in the eastern part of China, we found that 2,136,000 250 

km2, a bit more than 1/5 of Chinas area, had tree cover equal to or above 25%. High tree cover areas 251 

were mainly located in north eastern, southern and southcentral China. As hypothesized, AET 252 

followed by slope were the variables that best explained the variance in our random forest models. 253 

Our models also improved when population density data was included. Tree cover overall increased 254 

as slope steepness increased and the association between slope and tree cover increased as population 255 

density increased, suggesting that the association may be influenced by anthropogenic pressure and 256 

that slopes acts as refugees for forests.  257 

 The distribution of tree cover follows overall the pattern of AET (Fig. A1a X. in Appendix A) and 258 

our results show that there are low levels of tree cover along the north-western border of our study 259 

area. This corresponds with these areas having low AET and semi-arid climate with natural low tree 260 

density. As AET is a measure for the energy available it is not surprisingly associated with tree cover 261 

(Frank & Inouye, 1994; Stephenson, 1998). However, our results also show that there are areas that 262 

do not follow the overall pattern of AET and have high AET and lesser tree cover compared to areas 263 

with lower AET. For example, there are many parts of south and central China that should have higher 264 

tree density if we strictly look at the pattern for AET.  265 

 Many of the areas with high AET and relatively low tree cover are in lower elevation and have 266 

less sloped terrain (Fig. A1c in Appendix A) which corresponds to our findings that tree cover is 267 

positively associated with slope. There is no natural explanation for this association. One could argue 268 

that areas in higher elevation and with steeper slope are less attractive or accessible for large 269 

herbivores who could influence the distribution of tree cover (Bakker et al., 2015; Sankaran, 270 

Augustine, & Ratnam, 2013; Staver & Bond, 2014). Conversely, many large herbivores have been 271 

extinct or drastically reduced in China (Smith & Xie, 2008) and the ones left are in many cases 272 
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restricted to higher elevation and rough terrain (Guan, Wang, Li, & McShea, 2015; Harkness, 1998). 273 

Other studies have also found an association between topography and tree cover (Sandel & Svenning, 274 

2013). Even in a relatively flat land as Denmark, it has been found that there is an association between 275 

tree cover and slope, with higher tree density in steeper areas (Odgaard et al., 2014). Another 276 

explanation for the association between tree cover and slope could be that steeper and topographic 277 

rough areas are less accessible for humans and therefore act as refugees for forests. The relatively 278 

steeper slopes and the decreased accessibility to these areas make them less attractive and harder to 279 

use for agriculture and forestry. This also corresponds with the tendencies that protected areas are 280 

located in more remote areas with higher elevation than the average (Joppa & Pfaff, 2009; Scott et 281 

al., 2001). Most likely because they were opportunistically placed in areas with little value for 282 

commercial uses and human habitation. That the association between slope and tree cover should be 283 

driven by anthropogenic pressure has also been found to be the case in other studies (Odgaard et al., 284 

2014; Sandel & Svenning, 2013) and our results also support that the association is caused by 285 

anthropogenic pressure, as they show that the association between slope and tree cover becomes 286 

stronger as population density increases. Likewise, our results also show that human influence and 287 

population density are lower in steep areas, supporting the argument that these areas indeed are less 288 

attractive for human use and thereby acts as refugee for trees. However, a problem with using human 289 

population density and human influence index is that they do not say anything about which aspects 290 

of human impact that affect tree cover and to which extent. 291 

 As mentioned in the result section, all population density variables are correlated with each other. 292 

This is not surprising as areas with good condition for human settlements during the last 500 years 293 

have not changed particularly and the eastern part of China is home to the majority of the human 294 

population in China. A reason why population density for the year 1900 seems more important than 295 

the population density for the year 2010 could be caused by the correlation between them which can 296 
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influence the variable importance result (see method section 2.2). Another reason could be that the 297 

current tree cover in fact is more influenced by earlier human pressure and the pattern we see today 298 

is in fact shaped and more influenced by earlier anthropogenic land use. 299 

 Our results show that there is still substantial tree cover in China and other studies have found that 300 

the tree cover in China is actually increasing (Cao, Sun, et al., 2011; Y. Zhang & Song, 2006). This 301 

is most likely because of the huge reforestation and afforestation programs mentioned in the 302 

introduction and the increased awareness of forests ability to stop desertification, soil erosion, protect 303 

biodiversity etc. The protection of the forests in China also coincides with the rapid increase in 304 

protected areas, which has more than doubled since the 1990s. In 2008 mainland China had 2538 305 

nature reserves covering approximately 15.13 % of the land area (Wu et al., 2011). Still, protected 306 

areas tend to be located in areas that are less likely to be affected by anthropogenic impacts and this 307 

is also the case in China. Most of the protected areas in China are located in the western part of China 308 

(IUCN & UNEP-WCMC, 2014), where there naturally is low tree density. In addition many of the 309 

newly planted forests in China are so called monocultures (Cao, Sun, et al., 2011; Stone, 2009) and 310 

in some cases natural forest is being cut down to plant plantations for quick profit (Stone, 2009). 311 

Monocultures and plantations do not represent the natural forest particularly well and thereby does 312 

not support biodiversity as well as natural forest, particular old-growth forest. Afforestation can 313 

thereby lead to a decrease in biodiversity which is supported by findings in other studies (Bremer & 314 

Farley, 2010; Brockerhoff, Jactel, Parrotta, Quine, & Sayer, 2008) and for  many species, for example 315 

the Giant Panda, old-growth forest is important (Z. Zhang et al., 2011). These are serious aspects to 316 

take into account as South and Southeast Asia have a very high number of threatened species, e.g. 317 

around 79% of primate species in this region are threatened with extinction (Schipper et al., 2008). 318 

Another aspect regarding afforestation and reforestation programs in China is that many of the newly 319 

planted trees are dying as they cannot naturally occur in the areas they are planted and the effect of 320 
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these planted forests is at best temporary and at worst causes deterioration of the ecosystems (Cao, 321 

Chen, et al., 2011). Other approaches to reduce environmental degradation, such as ban of agriculture 322 

and grazing in forested areas are also being used and in some cases found to be better (Cao, Ma, 323 

Yuan, & Wang, 2014). 324 

 The different approaches to protect forest in China need to be combined and our study emphasizes 325 

the importance of having a strong forest policy in China and the need to pay attention to the link 326 

between slope and tree cover and especially the underlying anthropogenic factors that are likely to 327 

drive this association. Future studies are required to investigate to which extent different 328 

anthropogenic factors influence the distribution and density of trees. 329 
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Appendix A. 518 

 519 

Fig. A1. a) Actual evapotranspiration (AET), b) population density 2010, d) slope and c) Human Influence Index for our 520 
study area (Fig. 1a).  521 
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Appendix B. 522 

 523 
Fig. B1. Decrease in mean of squared error in relation to number if trees in the random forest model for county level. The 524 
same trend was seen in all the random forest models for all scales. 525 
  526 
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Appendix C. 527 

Table C1 

Pearson’s correlation coefficient (r) for all variables on all scales. 

  AET Slope Top 
Rough 

PopD 
1500 

PopD 
1800 

PopD 
1900 

PopD 
1950 

PopD 
1970 

PopD 
2000 

PopD 
2010 HII GDP/

Area 

5×
5 

km
 

AET  0.16 0.20 0.10 0.10 0.10 0.10 0.10 0.07 0.07 0.04  

Slope 0.16  0.69 -0.25 -0.24 -0.25 -0.25 -0.24 -0.16 -0.15 -0.41  

TopRough 0.20 0.69  -0.22 -0.21 -0.22 -0.22 -0.21 -0.14 -0.13 -0.34  

PopD1500 0.10 -0.25 -0.22  0.98 0.94 0.91 0.87 0.61 0.61 0.44  

PopD1800 0.10 -0.24 -0.21 0.98  0.99 0.97 0.93 0.66 0.67 0.43  

PopD1900 0.10 -0.25 -0.22 0.94 0.99  1.00 0.96 0.70 0.70 0.45  

PopD1950 0.10 -0.25 -0.22 0.91 0.97 1.00  0.97 0.70 0.71 0.45  

PopD1970 0.10 -0.24 -0.21 0.87 0.93 0.96 0.97  0.71 0.72 0.45  

PopD2000 0.07 -0.16 -0.14 0.61 0.66 0.70 0.70 0.71  0.99 0.33  

PopD2010 0.07 -0.15 -0.13 0.61 0.67 0.70 0.71 0.72 0.99  0.32  

 HII 0.04 -0.41 -0.34 0.44 0.43 0.45 0.45 0.45 0.33 0.32   

Co
un

ty
 

AET  0.24 0.32 0.02 0.02 0.02 0.02 0.03 0.04 0.05 -0.15 0.05 
Slope 0.24  0.98 -0.33 -0.31 -0.32 -0.31 -0.30 -0.31 -0.28 -0.65 -0.21 

TopRough 0.32 0.98  -0.33 -0.32 -0.32 -0.32 -0.30 -0.31 -0.28 -0.64 -0.21 
PopD1500 0.02 -0.33 -0.33  0.98 0.95 0.92 0.89 0.78 0.77 0.61 0.59 
PopD1800 0.02 -0.31 -0.32 0.98  0.99 0.97 0.94 0.83 0.81 0.61 0.61 
PopD1900 0.02 -0.32 -0.32 0.95 0.99  1.00 0.96 0.86 0.84 0.62 0.60 
PopD1950 0.02 -0.31 -0.32 0.92 0.97 1.00  0.97 0.87 0.85 0.62 0.60 
PopD1970 0.03 -0.30 -0.30 0.89 0.94 0.96 0.97  0.88 0.87 0.62 0.59 
PopD2000 0.04 -0.31 -0.31 0.78 0.83 0.86 0.87 0.88  0.99 0.65 0.60 
PopD2010 0.05 -0.28 -0.28 0.77 0.81 0.84 0.85 0.87 0.99  0.63 0.59 

HII -0.15 -0.65 -0.64 0.61 0.61 0.62 0.62 0.62 0.65 0.63  0.48 
GDP/Area 0.05 -0.21 -0.21 0.59 0.61 0.60 0.60 0.59 0.60 0.59 0.48  

Pr
ef

ec
tu

re
 

AET  0.19 0.27 0.14 0.16 0.17 0.17 0.18 0.19 0.19 -0.10 0.10 

Slope 0.19  0.98 -0.51 -0.52 -0.54 -0.54 -0.52 -0.45 -0.39 -0.70 -0.09 

TopRough 0.27 0.98  -0.51 -0.52 -0.53 -0.53 -0.51 -0.45 -0.39 -0.69 -0.08 

PopD1500 0.14 -0.51 -0.51  0.99 0.96 0.94 0.91 0.85 0.80 0.71 0.17 

PopD1800 0.16 -0.52 -0.52 0.99  0.99 0.98 0.94 0.89 0.84 0.73 0.19 

PopD1900 0.17 -0.54 -0.53 0.96 0.99  1.00 0.96 0.92 0.88 0.75 0.20 

PopD1950 0.17 -0.54 -0.53 0.94 0.98 1.00  0.97 0.93 0.88 0.75 0.20 

PopD1970 0.18 -0.52 -0.51 0.91 0.94 0.96 0.97  0.94 0.90 0.75 0.20 

PopD2000 0.19 -0.45 -0.45 0.85 0.89 0.92 0.93 0.94  0.98 0.73 0.25 

PopD2010 0.19 -0.39 -0.39 0.80 0.84 0.88 0.88 0.90 0.98  0.67 0.27 

HII -0.10 -0.70 -0.69 0.71 0.73 0.75 0.75 0.75 0.75 0.73  0.25 

GDP/Area 0.10 -0.09 -0.08 0.17 0.19 0.20 0.20 0.20 0.25 0.27 0.25  
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Appendix D. 528 

 529 
Fig. D1. Relationship between tree cover 2010 and a) AET, b) Slope, c) PopD2010, and d) GDP/Area for prefectures. 530 

 531 
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 532 
Fig. D2. Relationship between tree cover 2010 and a) AET, b) Slope, c) PopD2010, and d) GDP/Area for 5×5 km grid 533 
cells.  534 
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Appendix E. 535 

 536 
Fig. E1. The effect of different intervals for population density on the relationship between tree cover and slope at the 537 
prefecture scale. a) Population density < 300 person/km2 (blue) and population density ≥ 300 person/km2 (red). b) 538 
Population density < 100 person/km2 (blue) and population density ≥ 100 (red). c) Population density < 200 person/km2 539 
(green), population density 200-400 person/km2 (blue) and population density > 400 person/km2 (red). d) Population 540 
density < 150 person/km2 (green), population density 150-500 person/km2 (blue) and population density > 500 person/km2 541 
(red). Lines are not extrapolated and display LOESS regression fits. Points lay on top of each other in some cases, e.g. 542 
there are blue points under the red points in a-d and green points under the blue and red points in c-d. 543 
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 544 
Fig. E2. The effect of different intervals for population density on the relationship between tree cover and slope at the 545 
county scale. a) Population density < 300 person/km2 (blue) and population density ≥ 300 person/km2 (red). b) Population 546 
density < 100 person/km2 (blue) and population density ≥ 100 (red). c) Population density < 200 person/km2 (green), 547 
population density 200-400 person/km2 (blue) and population density > 400 person/km2 (red). d) Population density < 548 
150 person/km2 (green), population density 150-500 person/km2 (blue) and population density > 500 person/km2 (red). 549 
Lines are not extrapolated and display LOESS regression fits. Points lay on top of each other in some cases, e.g. there are 550 
blue points under the red points in a-d and green points under the blue and red points in c-d. 551 
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 552 
Fig. E3. The effect of different intervals for population density on the relationship between tree cover and slope at the 553 
5×5 km scale. a) Population density < 300 person/km2 (blue) and population density ≥ 300 person/km2 (red). b) Population 554 
density < 100 person/km2 (blue) and population density ≥ 100 (red). c) Population density < 200 person/km2 (green), 555 
population density 200-400 person/km2 (blue) and population density > 400 person/km2 (red). d) Population density < 556 
150 person/km2 (green), population density 150-500 person/km2 (blue) and population density > 500 person/km2 (red). 557 
Lines are not extrapolated and display LOESS regression fits. Points lay on top of each other in some cases, e.g. there are 558 
blue points under the red points in a-d and green points under the blue and red points in c-d. 559 
  560 
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Appendix F. 561 

 562 

Fig. F1. a-c) Human Influence Index and d-f) population density for 2010 as a function of slope for the three scales,  a 563 
+ d) 5×5 km grid cells, b + e) counties, and c + f) prefectures.  564 
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