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Abstract: Land resources are important for China’s rapid economic development, 18 

especially for food and construction. China’s land resources are under tremendous 19 

pressures, and therefore land use is increasingly displaced to other parts of the world. 20 

This study analyses the evolution and driving forces of China’s land consumption from 21 

1995 to 2015. The main results show that China’s land footprint increased from 8.8% 22 

of the global land resources under human use in 1995 to 15.7% in 2015. China’s 23 

domestic land resources are mainly used for serving domestic consumption. Moreover, 24 

China needs to import virtual land from foreign countries to satisfy 30.8% of its land 25 

demand. Among the three land use types of cropland, grassland and forests, grassland 26 

had the largest fraction in China’s land footprint from 1995 to 2000, while forest has 27 

become the largest one from then on. Trends in China’s virtual land trade reveal a sharp 28 

increase in net imports from 9.4E+04 km2 in 1995 to 3.4E+06 km2 in 2015. Observing 29 

China’s virtual land network by a cluster analysis, this study concludes that China keeps 30 

tight relationships with Australia, Japan, Brazil and Korea for its cropland consumption, 31 

and Canada, USA, Mexico, Australia, Korea and Japan are relevant for its grassland 32 

consumption. In addition, a decomposition analysis shows that affluence is the major 33 

driving factor for China’s land consumption, while changes in land use intensity could 34 

mitigate some of the related effects. Lastly, governance implications and policy 35 

recommendations are proposed so that China can move toward sustainable land 36 

management. 37 
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Introduction  43 

Land is critical for driving economic activities worldwide (Giljum et al., 2009; Fischer-44 

Kowalski et al., 2015). Increasing population, improving the quality of life worldwide 45 

as well as the economic globalization have resulted in expanding land demand 46 

(Weinzettel et al., 2013). Under such circumstances, land use is putting increasing 47 

pressure on the environment, mainly through deforestation, ecosystem degradation, and 48 

biodiversity loss as well as by adversely affecting the global carbon and nutrient cycles 49 

(Salvo et al., 2015; Tukker and Dietzenbacher, 2013; Turner et al., 2007). To address 50 

the international drivers and responsibilities, footprint-type of indicators are 51 

increasingly applied for resource management (Bruckner et al., 2015; Hoekstra and 52 

Wiedmann, 2014).  53 

A footprint is an indicator of human pressure on the environment that tracks the 54 

total amount of environmental emissions or resources consumption to directly and 55 

indirectly support human activities. It thus reflects the complex interactions between 56 

ecosystems and socioeconomic systems along international supply chains and 57 

addresses the responsibility of final consumers (Giljum et al., 2016; Hoekstra and 58 

Wiedmann, 2014). The footprint concept was initially put forward in the early 1990s 59 

with the “ecological footprint” indicator (Rees and Wackernagel, 1992). In order to 60 

differentiate across resource categories and develop a reliable method, new footprint 61 

indicators have been developed on water (Hoekstra and Mekonnen, 2012), carbon 62 

dioxide (Hertwich and Peters, 2009), energy (Wiedmann, 2009), materials (Bruckner et 63 

al., 2012), land (Ruiter et al., 2017), and nitrogen (Cui et al., 2016); other footprints 64 

address biodiversity (Lenzen et al., 2012), particulate matter 2.5 (Yang et al., 2017), 65 

human toxicity and eco-toxicity (Nordborg et al., 2017) for monitoring sustainability at 66 

varying levels.  67 

The land footprint (LF) is at the core of this contribution. It is defined as the 68 

amount of land resources directly and indirectly used to produce goods and services 69 

accounted from a consumption perspective (Weinzettel et al., 2013). It thereby not only 70 

explores the resource use within a place, but also reveals the dependency of 71 

consumption in one place on resource supply from other places (Bosire et al., 2016; 72 

Bruckner et al., 2015). Many studies have explored the LF from different perspectives 73 

and at varying scales: global (Vivanco et al., 2017; Weinzettel et al., 2013), national 74 

(Han and Chen, 2018; O’Brien et al., 2015; Ruiter et al., 2017; Salvo et al., 2015; 75 

Steenolsen et al., 2012; Tukker et al., 2016), regional (Lee, 2015), sectoral (Ivanova et 76 

al., 2016) and product-level (Bosire et al., 2016; Bosire et al., 2015; Khoo, 2015; 77 

Ridoutt et al., 2014). Furthermore, with the rapid development of economic 78 

globalization, virtual land (VL) embodied in traded commodities has gained attention 79 

(Tian et al., 2018a). All studies show that international trade may allow one country to 80 

partially decouple its domestic economic and ecological systems while consuming 81 

goods from other national economic systems and shifting environmental pressures 82 

abroad (Weinzettel et al., 2013).  83 

The scale of China requires special attention. With the rapid economic 84 

development, urbanization and population growth, China’s land use is under 85 

tremendous pressures (Qiang et al., 2013). On the one hand, land requirements to meet 86 
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domestic demand have increased significantly (Weinzettel et al., 2013); on the other 87 

hand, land degradation has become a serious issue in China. For instance, it is reported 88 

that the annual cost of land degradation in China reached US$ 37 billion or about 1% 89 

of China's GDP in 2007 (Nkonya et al., 2016). In order to identify trade-related 90 

sustainability issues and in search for useful solutions in the context of economic 91 

globalization, several studies focus on China’s LF and VL. For example, Chen and Han 92 

(2015) revealed an internal transition and trade imbalance of China’s virtual land use 93 

from 2002 to 2010 and highlighted the different types of industrial land consumption. 94 

Qiang et al. (2013) tried to explore China’s virtual land use embodied in its crop trade 95 

from 1986 to 2009, showing that the increasing net imports of virtual land were due to 96 

China’s trade in oil crops, and South America and North America were the major 97 

sources. This study highlighted the virtual land trade at the product level, and 98 

emphasized the land saving function of international trade. Ivanova et al. (2015) 99 

identified China’s land footprint induced by household consumption in 2007 using 100 

environmentally extended multiregional input-output analysis. This study compared the 101 

level of land footprint in different countries. More recently, Han and Chen (2018) 102 

assessed the virtual arable land shifts embodied in China’s foreign trade in 2012 at the 103 

sectoral level, revealing that China was the net importer of virtual arable land. Ali et al. 104 

(2017) presented updated results for virtual land embodied in China’s food trade for 105 

2000-2015, and projections for 2030, showing that soybean imports have been the main 106 

contributor to domestic land savings.  107 

Different from these findings, our study aims to provide more detailed insights in 108 

a key concern for footprint analysis: the interrelation between consumed products and 109 

main land use types. In doing so, we will identify international trade clusters and 110 

uncover the driving forces of China’s LF and VL changes. Such a scope is relevant in 111 

order to understand sustainable consumption patterns for an emerging economy with 112 

huge impacts across the planet. Our paper organized along three significant questions: 113 

(1) What are the characteristics of the evolution of China’s LF and VL trade for three 114 

specific types of land? (2) What are the characteristics of the evolution of China’s 115 

virtual land trade network? (3) What are the major driving forces of the changes in 116 

China’s virtual land consumption? In order to address these issues, this study explores 117 

the evolution of China’s LF and VL trade from 1995 to 2015 through multi-regional 118 

input-output analysis and cluster analysis. Furthermore, the driving forces of China’s 119 

land consumption changes are identified based on index decomposition analysis. These 120 

methods will be described further down below. Our findings could provide valuable 121 

insights for China’s efforts toward an ‘ecological civilization’ and to design a more 122 

sustainable land use system in international partnerships as well as for supply chain 123 

actors.  124 

The remainder of this paper is as below. Section 2 introduces methods and data 125 

available of this study. Section 3 shows the major results. Furthermore, discussion and 126 

policy implications are proposed in Section 4. Finally, Section 5 makes the conclusion 127 

of this study and provides directions for future study. 128 

 129 
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2 Methods and data 130 

2.1 Multi-regional input-output analysis  131 

The input-output analysis method was originally proposed to explore the transactions 132 

between economic sectors, households and government (Leontief, 1936). In order to 133 

uncover resource consumption and environmental emissions across the whole supply 134 

chain, the extended and integrated multi-regional input-output (MRIO) method was 135 

further proposed for footprint accounting (Evans et al., 1955; Miller and Blair, 2009; 136 

Peters et al., 2011). In this study, the global MRIO was applied for China’s LFs 137 

accounting.  138 

According to the MRIO method, the relationship between intermediate and final 139 

consumption and total output in each region can be expressed by equation (1).  140 

 141 

r rr rr rs rr r rr rs s rs

s r s r s r
x Z y e A x y A x y

  
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Where xr is the total output in region r; matrix Zrr and vector yrr represent domestic 143 

intermediate consumption in region r and domestic final consumption (includes 144 

households, governments and gross fixed capital formation), respectively; the bilateral 145 

trade ers represents exports from region r to s; matrix Arr represents the domestic direct 146 

requirement coefficients between different sectors in region r; matrix Ars represents 147 

exported direct requirement coefficients from region r to s. Arsxs and yrs represent 148 

exports for intermediate use and final consumption, respectively.  149 

 150 

Equation (1) can be further expressed as equation (2) by considering the local 151 

conditions in different regions. 152 
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Where the interactions between industries and countries per unit of output are 154 

presented by matrix A. Equation (3) shows how to calculate the land footprint of country 155 

r (Fr). 156 
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     (3) 157 

Where, Fmr (a vector) represents resource consumption in region r extracted from 158 

region m. Country r’s footprint can be represented by the sum of all elements in vectors 159 

F1r to Fmr. In addition, the diagonal matrix Ŝm  represents the domestic sectoral 160 

environmental coefficients for different sectors in region m. 161 
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The most recent MRIO database EXIOBASE v3.4, which is publicly available and 162 

uses year 2011 as the base year, is employed in this study. In total, 200 products and 163 

163 sectors from 44 countries and 5 continental rest regions are covered in this database. 164 

Also, many parameters, including direct requirement coefficients 𝐴  (in Euros per 165 

Euro), final demand 𝑦  (in Million Euros) and land use coefficients 𝑆̂  (in square 166 

kilometers per Million Euros) are also provided by this database. 167 

 168 

2.2 Cluster analysis  169 

Cluster analysis is employed to identify China’s key trade interrelations within the 170 

global land footprint network. The cluster supports the idea that nodes within the same 171 

cluster have more dense links than the nodes outside this cluster (Blondel et al., 2008; 172 

Gao et al., 2015). According to our previous studies, a two phased cluster analysis based 173 

on undirected networks is applied for this study (Tian et al., 2018b). 174 

Equation (4) presents the weighted undirected network: 175 

Q = 
1

2𝑛
∑ ∑ (𝑛𝑖𝑗 −

𝑛𝑖𝑛𝑗

2𝑛
)𝑗𝑖 𝜕(𝐸𝑖, 𝐸𝑗)                                               (4) 176 

    Where the weight of the edge between i and j is shown by 𝑛𝑖𝑗. 𝑛𝑖 and 𝑛𝑗  are 177 

node strengths of i and j respectively; 𝑛𝑖  = ∑ 𝑛𝑖𝑗𝑗   and 𝑛𝑗   = ∑ 𝑛𝑖𝑗𝑖   represent the 178 

sum of the weights of the edges of the studied country. Country i is located in cluster𝐸𝑖, 179 

and country j is located in cluster 𝐸𝑗. The δ-function δ(𝑎, 𝑏) is 1 if a = b; otherwise 180 

the δ-function δ(𝑎, 𝑏) is 0, and 2n = ∑ ∑ 𝑛𝑖𝑗𝑗𝑖 . 181 

The cluster analysis is conducted in two phases. In the first phase, the location of 182 

one node mainly depends on the feature of the gain of modularity ∆Q, which is shown 183 

in equation (5). For instance, if the value of ∆Q is positive, then node i places in the 184 

new cluster; if not, node i stays in its original cluster. In the second phase, a new network 185 

is formed based on the results from the first phase. The two phases are iterated until 186 

there are no more changes and the maximum modularity is achieved. 187 

 188 
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Where 𝛴𝑖𝑛 represents the sum of the weights of the links within community (E), 190 

𝛴𝑡𝑜𝑡  represents the sum of the weights of the links incident to nodes in community 191 

(E), 𝑘𝑖 represents the sum of the weights of node i, 𝑘𝑖,𝑖𝑛 represents the sum of the 192 

weights from i to nodes in community (E), and g represents the sum of the weights of 193 

all the links within the network.  194 

 195 

2.3 Index decomposition analysis 196 

Decomposition analysis has been widely applied to uncover the driving factors that 197 

determine changes of energy and material consumption, carbon emissions, labor 198 

demand, and land use in a process or in an economy (Ang and Zhang, 2000; Cialani, 199 

2007; Hoffren et al., 2000; Jungnitz, 2008; Tian et al., 2015; Tian et al., 2016; 200 

Weinzettel and Kovanda, 2011; Wu et al., 2016). Several decomposition analysis 201 

methods exist with different advantages. Among these methods, the Logarithmic Mean 202 

Divisia Index (LMDI) method has an advantage of the flexibility of decomposition 203 
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index and can replace a zero value by a small positive number, thus, achieving 204 

satisfactory decomposition results (Ang et al., 1998; Ang, 2004; Ang and Xu, 2013). 205 

Consequently, this method is used in the field of resources consumption and 206 

environmental emissions at the national, provincial and industrial levels (Ang and 207 

Zhang, 2000; Cialani, 2007; Hoffren et al., 2000; Jungnitz, 2008; Tian et al., 2015; Tian 208 

et al., 2016; Wu et al., 2016). Based upon these advantages, the Logarithmic Mean 209 

Divisia Index (LMDI) method was chosen in this study to uncover the driving forces 210 

of changes in China’s land consumption and China’s virtual land trade during the 211 

phases of 1995-2000, 2000-2005, 2005-2010, and 2010-2015. In this study, the 212 

decomposition analysis was split into three parts: (Ⅰ) China’s consumption of domestic 213 

land; (Ⅱ) China’s consumption of imported land; (Ⅲ) China’s export of virtual land. In 214 

order to eliminate the effects of inflation of monetary items, we deflated all the prices 215 

to the 2015 year level. 216 

 217 

(Ⅰ) China’s consumption of domestic land 218 

Equation (6) shows how to calculate the changes in the demand for China’s 219 

domestic land resources induced by China’s domestic consumption (∆LFD). 220 

∆𝐿𝐹𝐷 = 𝐿𝐹𝑅- 𝐿𝐹0 = ∆𝐿𝐹𝑃 + ∆𝐿𝐹𝐴𝐹 + ∆𝐿𝐹𝐶𝐼                                          (6) 221 

Where, R and 0 represent the last and the first study year, respectively. ∆𝐿𝐹𝑃 222 

represents the scale factor showing the contribution of population; ∆𝐿𝐹𝐴𝐹 represents 223 

the affluence factor showing the contribution of the level of consumption; ∆𝐿𝐹𝐶𝐼 224 

represents the technology factor showing the influence of land use intensity change. 225 

Equation (7) shows how to conduct the decomposition analysis is for China’s 226 

consumption of domestic land:  227 

𝐿𝐹𝐷 =  ∑ 𝑃 ×
𝐶

𝑃
𝑖

×
𝐿𝐹𝐷

𝐶
=  ∑ 𝑃 × 𝑆𝑖 

𝑖

× 𝑇𝑖                                                  (7) 228 

Where P represents the total population and refers to the scale factor; C represents 229 

the final consumption; Si = C/P represents the affluence factor ∆𝐿𝐹𝐴𝐹 ; Ti = LFD/C 230 

represents the technology factor ∆𝐿𝐹𝐶𝐼.  231 

Equations (8) to (10) show how to quantify these three drivers for China’s 232 

consumption of domestic land. 233 

∆𝐿𝐹𝑃 =  ∑
𝐿𝐹𝑖
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0
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0

𝑖

 ln (
𝑃𝑅

𝑃0)                                                       (8) 234 

∆𝐿𝐹𝐴𝐹 =  ∑
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𝑅 − 𝐿𝐹𝑖
0
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0

𝑖

 ln (
𝑆𝑖

𝑅

𝑆𝑖
0)                                                      (9) 235 

∆𝐿𝐹𝐶𝐼 =  ∑
𝐿𝐹𝑖

𝑅 − 𝐿𝐹𝑖
0

ln 𝐿𝐹𝑖
𝑅 − ln 𝐿𝐹𝑖

0

𝑖

 ln (
𝑇𝑖

𝑅

𝑇𝑖
0)                                                      (10) 236 

 237 

(Ⅱ) China’s consumption of imported land 238 

Equation (11) shows how to calculate the changes in the consumption of foreign 239 

land induced by China’s final demand (∆LFIm). 240 

∆𝐿𝐹𝐼𝑚 = 𝐿𝐹𝑅- 𝐿𝐹0 = ∆𝐿𝐹𝐺 + ∆𝐿𝐹𝐷𝐼 + ∆𝐿𝐹𝐼𝐼                                         (11) 241 

Where, R and 0 represent the last study year and the first study year, respectively. 242 

∆𝐿𝐹𝐺 represents the scale factor showing the contribution of GDP; ∆𝐿𝐹𝐷𝐼 represents 243 
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the import trade dependence; ∆𝐿𝐹𝐼𝐼 represents the technology factor showing the land 244 

use intensity change. Equation (12) shows how to conduct the decomposition analysis 245 

is for China’s consumption of imported land:  246 

𝐿𝐹𝐼𝑚 =  ∑ 𝐺 ×
𝐼𝑇

𝐺
𝑖

×
𝐿𝐹𝐼𝐿

𝐼𝑇
=  ∑ 𝐺 × 𝑀𝑖 

𝑖

× 𝑁𝑖                                               (12) 247 

Where G represents the GDP showing the economic scale of China and refers to 248 

the scale factor; IT represents the total import trade volume of China; Mi = IT/G 249 

represents the dependence of China’s consumption on imports, the ∆𝐿𝐹𝐷𝐼  factor 250 

represents the degree of openness of China’s market for imports; Ni = LFIL/IT represents 251 

the land use intensity of imports. 252 

Equations (13) to (15) show how to quantify these three drivers for China’s 253 

consumption of imported land. 254 

∆𝐿𝐹𝐺 =  ∑
𝐿𝐹𝑖

𝑅 − 𝐿𝐹𝑖
0

ln 𝐿𝐹𝑖
𝑅 − ln 𝐿𝐹𝑖

0

𝑖

 ln (
𝐺𝑅

𝐺0
)                                                      (13) 255 

∆𝐿𝐹𝐷𝐼 =  ∑
𝐿𝐹𝑖

𝑅 − 𝐿𝐹𝑖
0

ln 𝐿𝐹𝑖
𝑅 − ln 𝐿𝐹𝑖

0

𝑖

 ln (
𝑀𝑖

𝑅

𝑀𝑖
0)                                                     (14) 256 

∆𝐿𝐹𝐼𝐼 =  ∑
𝐿𝐹𝑖

𝑅 − 𝐿𝐹𝑖
0

ln 𝐿𝐹𝑖
𝑅 − ln 𝐿𝐹𝑖

0

𝑖

 ln (
𝑁𝑖

𝑅

𝑁𝑖
0)                                                      (15) 257 

 258 

(Ⅲ) China’s export of virtual land 259 

Equation (16) shows how to calculate the changes in China’s land use induced by 260 

China’s trade partners’ final demand (∆LFEx). 261 

∆𝐿𝐹𝐸𝑥 = 𝐿𝐹𝑅- 𝐿𝐹0 = ∆𝐿𝐹𝐺 + ∆𝐿𝐹𝐷𝐸 + ∆𝐿𝐹𝐸𝐼                                       (16) 262 

Where, R and 0 represent the last study year and the first study year, respectively. 263 

∆𝐿𝐹𝐺  is the scale factor showing the contribution of GDP; ∆𝐿𝐹𝐷𝐸  represents the 264 

structure factor showing the contribution of exports to the GDP; ∆𝐿𝐹𝐸𝐼 represents the 265 

technology factor showing the land use intensity change. Equation (17) shows how to 266 

conduct the decomposition analysis for China’s export of virtual land:  267 

𝐿𝐹𝐸𝑥 =  ∑ 𝐺 ×
𝐸𝑇

𝐺
𝑖

×
𝐿𝐹𝐸𝐿

𝐸𝑇
=  ∑ 𝐺 × 𝑊𝑖 

𝑖

× 𝑉𝑖                                             (17) 268 

Where G represents the GDP showing the economic scale of China; ET represents 269 

the total export trade volume of China; Wi = ET/G represents the share of China’s export 270 

trade in GDP; Vi = LFEL/ET represents land use intensity of exports. 271 

Equations (18) to (20) show how to quantify these three drivers for China’s export 272 

of virtual land. 273 

∆𝐿𝐹𝐺 =  ∑
𝐿𝐹𝑖

𝑅 − 𝐿𝐹𝑖
0

ln 𝐿𝐹𝑖
𝑅 − ln 𝐿𝐹𝑖

0

𝑖

 ln (
𝐺𝑅

𝐺0
)                                                     (18) 274 

∆𝐿𝐹𝐷𝐸 =  ∑
𝐿𝐹𝑖

𝑅 − 𝐿𝐹𝑖
0

ln 𝐿𝐹𝑖
𝑅 − ln 𝐿𝐹𝑖

0

𝑖

 ln (
𝑊𝑖

𝑅

𝑊𝑖
0)                                                   (19) 275 

∆𝐿𝐹𝐸𝐼 =  ∑
𝐿𝐹𝑖

𝑅 − 𝐿𝐹𝑖
0

ln 𝐿𝐹𝑖
𝑅 − ln 𝐿𝐹𝑖

0

𝑖

 ln (
𝑉𝑖

𝑅

𝑉𝑖
0)                                                    (20) 276 

 277 

3 Results  278 

3.1 The trends of China’s LF 279 
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Figure 1 shows the main trends of China’s LF from 1995 to 2015. While global land 280 

use decreased by almost 7.1% from 6.1E+07 km2 in 1995 to 5.6E+07 km2 in 2015, 281 

China’s LF shows an increasing trend in the given period, rising by 66.5% from 1995 282 

to 2015. China’s LF, including cropland, forests and grassland, accounts for 8.8%, 9.8%, 283 

10.0%, 12.8% and 15.7% of the global LF for the years 1995, 2000, 2005, 2010 and 284 

2015, respectively. Among the three land types, China’s grassland consumption holds 285 

the largest share from 1995 to 2000, while forests instead became the largest fraction 286 

since 2005.  287 

Overall, China’s demand for land is mainly met by domestic sources at an average 288 

of 69.2%, thus only 30.8% of its LF originate from foreign countries’ land resources. 289 

While China’s domestic LF shows a declining trend from 4.7E+06 km2 in 1995 to 290 

4.3E+06 km2 in 2015, its foreign LF which supplied China’s final demand significantly 291 

increased from 5.8E+05 km2 in 1995 to 4.6E+06 km2 in 2015, indicating that China’s 292 

increasing demand cannot be satisfied by expanding domestic land use anymore, but 293 

has to be met increasingly by imports. The same general trends can be observed for all 294 

three land use types. 295 

 296 
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 297 

Figure 1 The main trends of China’s total LF (a), China’s LF contribution to the world’s (b) and 298 

China’s LF composition (c) from 1995 to 2015 (note: in Figure (1-a), China’s total land 299 

consumption = China’s land consumption for its domestic + China’s land consumption from foreign 300 

countries) 301 

 302 

China’s LFs at the product level are shown in Table 1. The product structure 303 

changed significantly for China’s domestic land consumption, which shows how much 304 

land China consumes from its own territory. For cropland, the product group 305 

‘Vegetables, fruit, nuts’ (p01.d) is the largest item from 1995 to 2005, while 306 

consumption of ‘Food products’ (p15.i) has the largest LF from 2010 to 2015. Besides 307 

that, ‘Construction work’ (p45) shows a slightly increasing trend in the given period. 308 

For grassland, it can be noted that the diversity of products changed significantly after 309 

2010. ‘Cattle’ (p01.i) and ‘raw milk’ (p01.n) caused the biggest LFs from 1995 to 2010, 310 

while other products experienced increasing trends from 2010 onwards. For forest land, 311 

‘Products of forestry’ (p02) and ‘Construction work’ (p45) are the two top products 312 
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throughout the given period. ‘Health and social work services’ (p55) and ‘Furniture’ 313 

(p36) both increased significantly. The product structure for China’s consumption of 314 

imported land from foreign countries, in general, is different from China’s domestic 315 

LFs except for forest. For instance, ‘oil seeds’ (p01.e) and ‘construction work’ are the 316 

largest land consumption products for cropland; ‘construction work’ and ‘cattle’ are 317 

the major products for the consumption of grassland. 318 

 319 

Table 1 The top five commodities of three specific land consumption 320 

Cropland  

1995 2000 2005 2010 2015 

D I D I D I D I D I 

p01.d p45 p01.d p45 p01.d p01.e p15.i p01.e p15.i p01.e 

p01.c p01.e p01.c p01.e p15.i p45 p01.d p45 p01.e p45 

p01.e p75 p01.e p01.c p01.c p15.i p01.c p15.i p45 p15.i 

p01.a p01.c p15.g p75 p01.e p75 p45 p85 p15.g p85 

p45 p55 p45 p80 p45 p01.c p15.g p15.k p15.k p63 

Grassland  

1995 2000 2005 2010 2015 

D I D I D I D I D I 

p01.i p45 p01.i p45 p01.n p01.i p01.i p01.i p01.i p01.i 

p01.n p75 p01.n p75 p01.i p45 p01.n p45 p15.a p45 

p01.1 p55 p01.1 p55 p15.a p75 p01.1 p85 p01.n p85 

p15.a p29 p15.a p80 p55 p55 p15.k p15.k p45 p15.k 

p55 p80 p55 p85 p01.1 p80 p45 p75 p01.1 p15.a 

Forest  

1995 2000 2005 2010 2015 

D I D I D I D I D I 

p02 p02 p02 p02 p02 p02 p02 p02 p02 p45 

p45 p45 p45 p45 p45 p45 p45 p45 p45 p85 

p75 p75 p75 p75 p85 p85 p85 p85 p85 p36 

p80 p80 p85 p80 p36 p75 p36 p36 p36 p34 

p36 p93 p80 p85 p75 p80 p73 p75 p34 p29 

(Note: D presents China’s domestic LF; I presents China’s LF via imported commodities. Meaning 321 

of the commodities’ code: p01.d- Vegetables, fruit, nuts; p01.c- Cereal grains; p01.e- Oil seeds; 322 

p01.a- Paddy rice; p45- Construction work; p75- Public administration and defense services; 323 

compulsory social security services; p55- Hotel and restaurant services; p15.g- Processed rice; 324 

p80- Education services; p15.i- Food products; p85- Health and social work services; p15.k- Fish 325 

products; p63- Supporting and auxiliary transport services; travel agency services; p01.i- Cattle; 326 

p01.n- Raw milk; p01.1- Meat animals; p15.a- Products of meat cattle; p29- Machinery and 327 

equipment; p02- Products of forestry, logging and related services; p36- Furniture; other 328 

manufactured goods; p93- Other services; p73- Research and development services; p34- Motor 329 

vehicles, trailers and semi-trailers) 330 

 331 

China’s net displacements of land, which are induced by final consumption, are 332 
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shown in Figure 2 and Table 2. Results show that China’s virtual land trade results in 333 

net imports ranging from 9.4E+04 km2 in 1995 to 3.4E+06 km2 in 2015. During the 334 

time series, the USA, Brazil and Canada are the main net virtual cropland contributors 335 

to China’s final consumption, while China is a net exporter to Japan, Korea, Germany, 336 

UK and Italy; for forest areas, Russia and Australia are the main net virtual land 337 

suppliers to China, while the USA, Japan and UK are the main importers of virtual 338 

forest land from China; for grassland, China mainly imported virtual land from 339 

Australia and South Africa, and exported to the USA and Japan. 340 

 341 

 342 
Figure 2 The net virtual land trade of China from 1995 to 2015 in square kilometers 343 

 344 

Table 2 China’s top 5 net import and export virtual land trade partners in square kilometers 345 
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 346 

Note: Im = imports; Ex = exports; CA (Canada), BR (Brazil), AU (Australia), IN (India), PL 347 

(Poland), US (United States), RU (Russia), ID (Indonesia), JP (Japan), KR (Korea), DE (Germany), 348 

GB (United Kingdom), IT (Italy), ZA (South Africa), FR (France).  349 

 350 

3.2 The features of China’s virtual land (VL) network 351 

The evolutions of specific VL clusters are shown in Figure 3. The network 352 

characteristics are different for the three land classification types. As mentioned in the 353 

methods section, the VL network reveals hidden relationship between countries. The 354 

VL trading relationship between China and its trade partners is close with each other if 355 

they are located in the same cluster. For the cropland network, it shows that the cluster 356 

structure has been almost stable since 2000. The analysis reveals that the network has 357 

three clusters. The EU countries belong to the same cluster during the whole period, 358 

indicating close trade relations among the EU countries. The EU’s Common 359 

Agricultural Policy played a key role in forming this pattern, as it boosted trade between 360 
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EU countries while establishing barriers for extra-EU trade in the form of diverse tariffs 361 

on products (Matthews et al., 2017). We also find that the USA, Mexico and Canada 362 

are always located in the same cluster, probably due to the North American Free Trade 363 

Agreement (Dalin et al., 2012). For China, tight relationships can be observed with 364 

Australia, Japan, Brazil and Korea. Good diplomatic relationships and the supply-365 

demand relationship may cause these countries belonging to the same cluster. For 366 

instance, under the long term free trade relationship between China and Australia since 367 

2005, China received more virtual land through imported more agricultural products 368 

from Australia (Tian et al., 2018b). The proximity and complementary resource 369 

endowments may be major reasons for the long-term trade relationships between Japan 370 

and China. 371 

Looking at the forest network we could find four clusters in 1995, but only two 372 

clusters from 2000 onwards. An interesting characteristic of the cluster is that most 373 

countries belong to the same cluster as China except Canada, USA and Mexico. 374 

Globalization drives the international division of labor also in the forestry and wood 375 

industry. China reportedly played a key role in international forest trade with distinctly 376 

high growth of domestic consumption, imports and exports. China imported primary 377 

forest resources from more than 80 countries and then manufactured them exporting to 378 

most developed countries for consumption1. 379 

For the grassland network, the cluster structure is stable with two clusters during 380 

the whole period. The increasing demand of meat products in the world accelerated the 381 

trade between countries with different resource endowments. China shows tight VL 382 

networks with Canada, USA, Mexico, Australia, Korea and Japan.  383 

 384 

3.3 The driving forces of China’s virtual land consumption 385 

In order to explore the driving factors of China’s land consumption changes in-depth, 386 

three types of China’s land consumption are identified as mentioned in the methods 387 

section above. The results are shown in Figure 4. For the consumption of domestic land 388 

resources induced by China’s final demand, the total contribution of the three factors 389 

(population, affluence, land use intensity) in each time step shows negative effects 390 

except for the 2005-2010 period, mainly due to the affluence effect. Changes in land 391 

use intensity are the biggest decreasing factor for China’s land consumption in all 392 

periods except for 2005-2010, thereby playing a key role in reducing China’s land 393 

consumption. Affluence is the largest driver of increasing land consumption throughout 394 

the entire investigated period, indicating that land consumption could increase in the 395 

future due to a rising middle class in China. Compared to these factors, population 396 

changes have only a minor driving effect over the given time.  397 

For China’s consumption of land resources from foreign countries (China’s virtual 398 

land imports), the total contribution of the three factors (economic scale, import 399 

dependency, land use intensity) is positive in each time step mainly due to the economic 400 

scale effect, which is the biggest driving force of LF changes over the whole time period. 401 

The effects of changes in import dependency and land use intensity are unstable during 402 

the whole period. For instance, the dependence factor contributes to increasing LF 403 

                             
1 http://www.iisd.org 
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during the periods 1995-2000 and 2000-2005, while it shows negative contributions 404 

during periods 2005-2010 and 2010-2015. Although these two factors show unstable 405 

effects, the results indicate that they have great potential to reduce land consumption.  406 

The tremendous increase in China’s virtual land exports during all stages except 407 

2005-2010 are mainly explained by the economic scale of the Chinese economy. 408 

Changes in the export share had only a minor positive effect. Land use intensity changes 409 

had a negative effect throughout the whole time period except for the stage of 2010-410 

2015 which, however, could curb VL exports only slightly. 411 

 412 

 413 

 414 

Figure 4. The driving forces of changes of (a) China’s domestic land consumption, (b) China’s 415 

virtual land imports, and (c) China’s virtual land exports. The left scales in each plot refer to the 416 

bars, while the right scales refer to the lines. 417 

 418 

Policy implications  419 
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 420 

This study investigates China’s land footprint (LF), which presents the amount of land 421 

resources directly and indirectly used to produce goods and services for China’s final 422 

consumption in the given period. It includes the land consumption of domestic and 423 

imported virtual land (VL) from China’s foreign trade partners. Totally, China’s LF 424 

experienced an increasing trend in the given period, increased by 66.5% from 1995 to 425 

2015. 426 

 427 

The structure of China’s LF has been changed significantly since 2005. The forest LF 428 

has become the largest footprint, fueled by China’s growing economy and 429 

unprecedented urbanization associated with increasing demand for forest products 430 

(Zhang et al., 2017). For instance, China’s timber market has been one of the largest in 431 

the world due to the increment of China’s urban population (Peng, 2011).  432 

 433 

At the product level we see that the consumption of primary products causes the largest 434 

demand on China’s domestic land resources for each type of land use, while for VL 435 

imports the product composition is more diverse and changed over time. The most 436 

important change is the increasing LF of products related to construction work, which 437 

is related to rapid urbanization in China (Han and Chen, 2018).  438 

 439 

Fast land conversion for non-agricultural use has become the main feature of China’s 440 

urbanization. Generally, industrial land and residential land are the two major sources 441 

of non-agricultural land conversion (Liu et al., 2014). According to land use statistics, 442 

the total quantity of construction land conversely changed compared with the change 443 

in the total quantity of cultivated land from 2009 to 2014, that is, construction increased 444 

by 311.46 E+104 hm2 during this period (Ministry of Land and Resources, 2005-2010). 445 

 446 

China’s urbanization causes detrimental effects, such as rural and urban diseases. Rural 447 

diseases include population outflow, abandoned land, industry recession, and 448 

environmental pollution, while urban diseases include traffic congestion, air pollution, 449 

property bubbles, high living costs, and wastes, due to an overexpansion of urban areas 450 

(Liu et al., 2014).  451 

 452 

In order to respond these problems, the Chinese government released ecological 453 

civilization policy to balance the relationship between socio-economic development 454 

and land use. In line with Liu et al. (2018); Bleischwitz et al. (2018) and the SDGs 11 455 

and 15 we propose to explore goals that would unify economic, social and 456 

environmental benefits of land use and facilitate a more inclusive sustainable growth. 457 

Land consolidation could be considered a useful tool for sustainable development of 458 

vacant and waste land and improving the quality of land. A China-specific series of land 459 

consolidation projects could address industry agglomerations, environmental 460 

governance and optimal land allocation. In addition, urbanization should be better 461 

coordinated and aligned with agricultural modernization and new rural construction 462 

policies via appropriate planning processes (Liu and Li, 2017). 463 
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 464 

The transformation of land use also brings several challenges for rural development and 465 

needs special consideration. For example, irrational urbanization led to inefficient use 466 

of land and decreased agriculture production (Bai et al., 2014). Also, farmland large 467 

amount of rural population moved to cities for better jobs and life, leading to abandoned 468 

farmland (Yang et al., 2018). This requires the Chinese government to take various 469 

efforts. Preferable policies should be prepared to attract more investment in rural areas 470 

so that rural residents can easily find job opportunities, such as preferable tax rates, 471 

financial subsidies, and rural planning. Capacity-building measures should also be 472 

taken so that rural residents can learn the new knowledge for their new jobs (Zhou et 473 

al., 2019). In addition, technology transfer should be supported so that rural regions can 474 

revitalize their economy by applying innovative technologies. Finally, it is critical for 475 

the local governments to invest more funds on recovering the functions of natural 476 

ecosystems and constructing more infrastructure to improve the rural life (Gao et al., 477 

2017; Li et al., 2018) 478 

From a trade perspective, obviously, China’s expanding demand was met by 479 

increasing imports rather than domestic production. China increased significantly its 480 

net imports of virtual land from its international trade partners during the given time 481 

period. Our results are consistent with previous studies (Ali et al., 2016; Han and Chen, 482 

2018; Qiang et al., 2013). We show that China’s increasing population and changing 483 

diets, together with limited domestic agricultural production capacities, resulted in 484 

significantly increasing imports. In general, imported virtual land is mainly embodied 485 

in primary and food products. For China’s virtual land trade network for cropland and 486 

grassland it can be noted that China maintains stable relationships with most countries. 487 

However, management practices and policies in these countries have an influence on 488 

China’s land consumption. Compared to grassland and cropland, China’s forest virtual 489 

land trade network appears to be more stable, particularly since 2000. China keeps tight 490 

trade relations with more countries related to forest compared to its international 491 

relations related to the other land use categories, indicating a reduced supply risk for 492 

forestry products. In addition, it can be noted the VL network is also shaped by trade 493 

agreements, diplomatic relations, a supply-demand relationship and also the resource 494 

endowment of a country. The land use efficiency of the trade network, on the other side, 495 

is not only helping China to mitigate effects of a potential crisis on the international 496 

market, but also to reduce China’s virtual land consumption, i.e., the application of 497 

advanced land use techniques and management practices of China’s trade partners helps 498 

minimizing China’s VL imports and land consumption.  499 

As for the driving forces of China’s land consumption, the results show that 500 

affluence and land use intensity are the major driving factors for China’s domestic 501 

consumption. Consumers’ income has risen greatly accompanied by changes in 502 

lifestyles, consumption patterns and diets. Therefore, the demand for land related 503 

products increased (Jan et al., 2013; Liu et al., 2018;Weinzettel and Kovanda, 2011). 504 

In order to curb China’s land consumption abroad and any related negative socio-505 

ecological consequences, green consumption should be further promoted in China. 506 

Government should initiate capacity-building efforts in order to improve local residents' 507 
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environmental awareness for impacts generated elsewhere. The efforts toward a low 508 

carbon society and a circular economy should be useful in a promotion of ‘footprints’ 509 

and life-cycle thinking (Mont and Bleischwitz 2007). Feasible activities could include 510 

interactive workshops, newsletters, TV/radio promotions, and outside advertisements 511 

(Qian et al., 2018). Also, preferable policies, such as economic instruments and labels, 512 

should address green consumption in such perspective, inter alia lower tax rates on 513 

sustainable products, and higher ones on resource-intensive luxury products (Geng et 514 

al., 2013; Zhu et al., 2013). In addition, charity activities on re-use could be supported, 515 

so that textiles could have a second life for poor rural residents (Tian et al., 2015). On 516 

a more strategic level, reducing food waste is in line with the support for a circular 517 

economy in China, and addressing increasingly livestock-based urban dietary patterns 518 

would be very relevant (Geng et al., 2019). From the industrial perspective, it is critical 519 

to improve land use efficiency by measures such as adjusting the structure of 520 

agricultural production and imports in a way minimizing land use, promoting efficient 521 

agricultural technologies, and protecting agricultural land against conversion into urban 522 

spaces and the built environment (Liu et al., 2018). In an international dimension, our 523 

results indicate a growing import dependence for China, which suggests more 524 

international cooperation to decrease land consumption, e.g., by technology transfer 525 

and capacity building for sustainable land use, by concluding trade agreements 526 

especially focused on sustainable agriculture and land use, and more integrated 527 

planning across the international supply chain networks (Biggs et al., 2015; Tomei et 528 

al., 2017). 529 

 530 

Conclusions  531 

China has been undergoing profound economic and social transformation which drives 532 

China’s land consumption. This study identifies the evolution and characteristics of 533 

China’s footprint and virtual land trade from 1995 to 2015. The main novel 534 

contributions of this study are: (1) identifying China’s land footprint trends for cropland, 535 

forest and grassland at the national and product levels; (2) exploring the properties of 536 

China’s virtual land trade networks; and (3) revealing the driving forces of changes in 537 

China’s land consumption. China’s land footprint shows increasing trends, rising by 538 

66.5% from 1995 to 2015. China’s grassland consumption is the largest land 539 

consumption category from 1995 to 2000, while forest consumption has become the 540 

largest one since 2005s. Furthermore, China’s land footprint was mainly sourced from 541 

domestic land resources in 1995 at an average rate of 89.1%, while 10.9% comes from 542 

foreign countries. These shares changed to 48.5% and 51.5%, respectively, in 2015. 543 

China’s virtual land trade balance presents net imports increasing from 9.4E+04 km2 in 544 

1995 to 3.4E+06 km2 in 2015. China keeps tight VL exchange relationships with 545 

Australia, Japan, Brazil and Korea for the case of cropland, and with Canada, USA, 546 

Mexico, Australia, Korea and Japan for the case of grassland. In addition, our analysis 547 

reveals that affluence and land use intensity are the major driving factors for China’s 548 

domestic consumption. Rising affluence promoted an increase of land consumption, e.g. 549 

through timber imports for construction and consumer products, while changes in the 550 

land use efficiency had a reverse effect on the country’s land footprint.  551 
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The dynamic economic development of China along with changing consumption 552 

patterns lead to major sustainability challenge both for China and for main trade 553 

partners. Simply because of the country’s mere scale, annual growth rates of 3.3% for 554 

its land consumption on average through the analyzed time period pose a serious threat 555 

for sustainable development at a global level. This challenge needs to be addressed by 556 

the country itself, e.g. by promoting green consumption behaviors and supply chains, 557 

but shouldn’t be neglected by the international community either. Global cooperation, 558 

capacity building and technology transfer could provide essential support for and from 559 

China on its way toward a sustainable resource consumption, not only for the case of 560 

land use.  561 

    Although our current study presents the historical trend of China’s land 562 

consumption during the past 20 years, there are still some limitations which could be 563 

improved in the future. Further research could explore more relevant driving forces and 564 

causalities. Also, indicators at the social level should be explored, i.e. affordability of 565 

products should be aligned with sustainability along supply chains and fair trade for 566 

producers. In addition, governance mechanisms for international partnerships on 567 

sustainable land use and consumption should be explored as well.  568 

 569 

 570 

 571 



19 

 

 

Figure 3 The patterns of China’s virtual land (VL) network for cropland, forest and grassland. The colors represent clusters of countries with similar characteristics 

and close relations. 
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