

  ijgi-06-00264




ijgi-06-00264







ISPRS Int. J. Geo-Inf. 2017, 6(9), 264; doi:10.3390/ijgi6090264




Article



Examining the Driving Factors Causing Rapid Urban Expansion in China: An Analysis Based on GlobeLand30 Data



Cong Liao[image: Orcid], Teqi Dai *, Hongyu Cai and Wenxin Zhang





School of Geography, Faculty of Geographical Science, Beijing Normal University, No. 19, Xinjiekouwai Street, Haidian District, Beijing 100875, China









*



Correspondence: daiteqi@bnu.edu.cn







Received: 29 June 2017 / Accepted: 21 August 2017 / Published: 25 August 2017



Abstract

:

A large number of studies have dealt with the driven forces of land expansion, in which the remote sensing data and statistical data are most commonly used. The recent progress based on the statistical data have not been fully tested and discussed by the remote sensing data, and the remote sensing data used in the previous studies are usually interpreted within certain areas which is not convenient for global comparison. In this paper, the 30-m GlobalLand Cover Dataset (GlobeLand30) and socioeconomic data from 2000 to 2010 are adopted to investigate the factors driving impervious surface expansion in China based on a multilevel regression model. The GlobeLand30 provides a world-wide data framework which has a sound basis for regional comparison research. The variables are selected according to the existing research. Most, but not all, results are consistent with the previous studies when using impervious surface data of GlobeLand30. The main findings are: (1) the market demand caused by economic development, such as the increase in GDP from 2000 to 2010, plays a positive role in the expansion of developed land; (2) the land supply, as reflected by the ratio of the total of land transfer fees to fiscal revenue, also has a positive effect on the increase in impervious surfaces; (3) the percentage of the increase by private workers to the increase in total workers and certain other frequently-used variables are not relevant after controlling for land demand- and supply-related variables; and (4) the growth in impervious surfaces is related to the amount of the cultivated land, which implies the necessity for a more stringent farmland protection policy. Considering the need to compare across regions, we suggest that GlobeLand30 should be used for more studies to better understand the driving forces of land expansion.
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1. Introduction


In the background of fast urbanization and industrialization in China, the growth of cities and towns is accompanied by an intensive transformation of the original landscape into impervious surfaces. The total increase of China in impervious surfaces ranks first in the world from 2000 to 2010 and accounts for 28.17% of the global total [1]. The massive expansion of impervious surfaces has a noticeable impact on many aspects of human life, such as energy use and food security [2,3,4,5]. The impact on the environment, such as CO2 emissions and land surface temperatures from urbanization, has also been revealed [6,7]. In addition, some complex urban problems, such as housing and disaster risk with respect to water, are found to have close relationships with land urbanization [8,9,10]. Understanding the characteristics and causes of land development in China is critical to economic growth and sustainable environmental protection. Many studies have focused on the drivers of land development, aiming at an in-depth understanding of the patterns of human activity and rationally guiding further development [11,12,13]. These studies indicate that the patterns and driving forces of the growth in developed land in China are quite different from those in the western world, and these differences are closely related to the institutional context of China.



In order to capture characteristics and analyze the causes of land use expansion in different regions, data with a variety of sources and different formats are adopted in the previous studies. In general, two types of basic data are used to study the drivers of developed land expansion: government statistics and remote sensing data [14,15]. Recently, considerable progress has been made in theory development based on government statistics [16]. These studies have revealed many institutional- and policy-based reasons for the expansion of developed land in China [17]. However, the land data from government statistics in China may be questioned for reliability. For example, illegal land use changes are not involved in the statistics, which is also mentioned in the literature [18]. In contrast, the remote sensing data have an advantage on reliability. However, the recent progress has been little tested by the remote sensing data. As the remote sensing data used in the previous studies lack uniformity, the conclusions are weakened to compare across countries or regions.



This paper aims to examine the drivers of developed land expansion in China according to the recent progress, using the global-comparable remote sensing interpretation data (a 30-m global land cover dataset) between 2000 and 2010. The dataset has the highest accuracy among similar global data products. As part of the global application of the dataset, this study has a better database of land expansion for international comparisons.



The remainder of the paper is organized as follows: Section 2 provides a literature review; Section 3 describes the study area, research data, and methods; Section 4 analyzes the characteristics of China’s impervious surfaces; Section 5 presents the results; and Section 6 presents the discussion and conclusion.




2. Literature Review


In the past two decades, a number of studies have focused on the causes of developed land expansion in China and have provided some important insights [17,19]. A variety of factors have been included in these analyses. The existing literature has identified different causes of expansion, such as physical and agricultural conditions, location, economic conditions, urbanization, industrialization, and institutional factors [20,21,22,23]. The selected variables in these studies can be categorized into two types: economic variables and institutional variables.



Economic factors, such as economic growth, investment, trade, employees, average wages, the value of agricultural land, and other variables, are often used in such studies [24,25,26]. Most empirical research indicates that the economic variables are usually significant in explaining the land development in China, implying an effective explanatory power of market-based theory and urban economic models for China [27]. However, China’s land market is not a fully competitive market [28]. Many studies have also attempted to identify the causes of land development by quantitatively focusing on the specific institutional context in China [29]. It has been found that the land transfers provide abundant benefits for local fiscal revenue in China, and land development is used as tools to attract investments and promote economic development, which motivates local government officials to lease land to developers in the pursuit of revenues and political gains [30,31]. Some institutional variables related to the land quotas allocation, such as the administrative level and national policy, are found to be significant to the land development [32]. Some other variables have also been used to reflect the effects of Chinese institutions, such as the performance appraisal system [33], promotion incentives [34], and competition between local governments [35].



The data availability and reliability are crucial for these studies. Most early studies on China used remote sensing data [36,37]. Due to the large workload involved in the interpretation of data from satellite images, study areas have been limited to specific cities or regions [38]. The first nationwide study was conducted by Liu using the 1-km GRID (a raster format developed by Environmental Systems Research Institute, Inc.) land use dataset [39]. However, the variable choices in these studies are relatively weak in theoretical basis [15,40]. The recent studies based on the official statistics from the governments have begun to emphasize the construction of a theoretical framework and made more in-depth progress on institutional driving factors, in which some distinctive Chinese characteristics have been included, such as decentralization, fiscal incentives, and administrative competition [41]. However, there may be some problems with the statistical data. The transfer of developed land has a close relationship with fiscal revenue, and local officials have the incentives to sell land without permission. Illegal construction is difficult to record in the statistical data. Human intervention in the statistical data may affect the associated reliability [42]. As compared with statistical land data from governments, the remote sensing data are not likely to be distorted by the realistic interests.



Generally speaking, there are also some differences in the definition of developed land between remote sensing data and statistical data. It must be noted that developed land in the statistical data refers to the potential purpose (the function defined by the government) of land use, while developed land in the remote sensing data is identified by the observed physical cover (whether the land is covered by buildings) [43,44]. In China, when a plot of land is transferred by the government, it is labeled as developed land in the statistical data by the government [45]. However, this does not necessarily lead to the actual development by the market and bring about the increase of impervious surfaces. In fact, a plot of land may be identified as developed land by the government, but it may actually be developed several years later, or developed without any increase of impervious surfaces, such as parks or green infrastructures. Despite such data inconsistencies, the recent progress based on the statistical data have not been fully tested and discussed with respect to the remote sensing data.



In this research, the remote sensing data will be used to investigate the driving forces of impervious surface growth in China. Based on the latest progress in the relative literature, a multilevel model is designed to evaluate the effects of the selected variables. Controlling the economic and demographic variables at the provincial level, we analyze the variation in impervious surface expansion caused by provincial variables. Meanwhile, this paper focuses on the effects of the variables at the prefecture level.




3. Material and Methods


3.1. Study Area


In this paper, we examine the drivers of the increase of impervious surfaces in China from 2000 to 2010. The study area includes 259 prefecture-level cities in China (Figure 1). These cities’ social and economic statistical data are available in the public yearbooks. They are located mainly in the central and eastern regions of China, which have been the main areas of land development over the past few decades. Based on the availability of social and economic statistics, Hong Kong, Macao, Taiwan, and other areas without a prefecture-level city are not included, such as Sansha City in Hainan Province, which was established in 2012.




3.2. Research Data


The land data used in this study is the 30-m GlobalLand Cover Dataset (GlobeLand30). The dataset spans from 2000 to 2010 and was produced by the Ministry of Science and Technology of the PRC and the National Geomatics Center of China (NGCC), and 18 institutions from seven ministries participated in the technological research and data production [46]. The dataset covers a land area from 80° N to 80° S, with a coordinate system of WGS84 and a projection of UTM. The images used for data interpretation are mainly 30 m multispectral images, including Landset5 TM and ETM+ multispectral images and multispectral images from the Chinese Environmental Disaster Alleviation Satellite (HJ-1). The integrated approach of pixel- and object-based methods with knowledge (POK-based) have been developed [47]. The dataset consists of 10 land cover types, including cultivated land, forest, artificial surfaces, etc. [47]. The data are stored in raster format, and the overall classification accuracy of GlobeLand30 for the years 2000 and 2010 is better than 80% [47,48,49].



Other statistics used in this article are from the China Statistical Yearbook, the China City Statistical Yearbook and the China Land and Resources Yearbook from 2000 to 2010.




3.3. Methods and Variables


3.3.1. Multilevel Regression Model


To reflect the forces involved at the government level, recent empirical models are typically based on hierarchical modeling [28]. We use a multilevel regression model to address the problem of correlations among data within a province (prefecture-level cities) caused by the hierarchical structure of the administrative management system in China. The advantage of the multilevel regression model is that it can control for correlations between sample groups, and it does not require the hypothesis that the observed data are independent. The variables at the contextual level can influence the variables at individual level. The method can be used to analyze the influence of variables at both the individual level and the context level, and is suitable for a dataset with a nested structure [50]. Therefore, a two-level model was established to estimate the mechanisms of increases in impervious surfaces, including one at the prefecture level and one at the provincial level. The regression model is as follows:


    y  i j   =  β  0 j   +  β 1  D e m a n  d  i j   +  β 2  S u p p l  y  i j   +  β 3  S o c i o e c o _  P j  +  ε  i j   +  u  0 j     



(1)




where     y  i j     , the dependent variable, represents the increase in impervious surface expansion at the prefecture level in city i in province j;     β  0 j      represents a constant term that varies in different provinces and reflects the degree of influence on the average value y of different samples;     β i     is the coefficient to be estimated, which reflects the influence of the independent variable;    D e m a n  d  i j      represents the land demand originating from the market in prefecture-level city i in province j;    S u p p l  y  i j      represents the land supply provided by the government;    S o c i o e c  o j     represents the control variable, which is related to the socioeconomic context at the provincial level; and the suffix P represents the second-level variable.




3.3.2. Variables


The selection of variables is based on results obtained in the published literature [15,16,17,18,19,20,21]. After reviewing existing studies, variables that are used in published papers more than three times are listed in Table 1. To examine the driving forces by the data of GlobeLand30, the frequent variables are selected in this study. The variables which exhibit little short-term variation are not included, such as precipitation and temperature. The selected explanatory variables are divided into land demand-related variables and land supply-related variables. Aside from the main variables, several control variables are also used. The interpretations of the dependent and independent variables are shown in Table 2.



Demand-related variables: Based on the previous studies, land demand is a key factor that influences increases in impervious surfaces and is, in turn, influenced by economic transition [16]. To reflect the influences of economic development, urbanization and industrialization, an increase in GDP from 2000 to 2010, the share of the total increase in actual foreign investment to GDP, the ratio of fiscal expenditure per capita at the prefectural level to that at the provincial level, and the percentage of increase by private workers to the increase in total workers are selected in this paper. Particularly, considering that people with high incomes tend to consume more land, the increase in average wages per capita and the increase in total population are also included.



Supply-related variables: In China, land development and construction must be first approved by the government. In the land supply system, which is guided by administrative management, the available land quota is influenced by non-market factors, such as political and administrative relationships [51,52]. In this paper, the ratio of the total of land transfer fees to fiscal revenue is used to reflect the amount of land transferred. Whether a city has national economic and technological development zones is an important practical consideration for the supply of developed land. Furthermore, the administrative levels have a close relationship with economic and urban expansion [32]. We choose whether a location was a sub-provincial city or provincial capital as an index to reflect the influence of the administrative levels. All of these supply variables are used to reflect the supply of available land quotas at the prefectural level.



Control variables: The proportion of the secondary economic sector and the cultivated area in 2000 are used as control variables. These variables are basic indicators of urbanization and the potential available land for construction.



Provincial-level variables: To control for provincial differences and to remain consistent with the aforementioned methods, variables related to the socioeconomic conditions of provinces, such as the increase in the population density of the provinces and the increase in the GDP density of the provinces, are added to control the homogeneity in provinces.



To test for collinearity, we examine the variance inflation factor (VIF) and the correlation coefficients between variables. The diagnostic results of the collinear statistics show that no VIF values are greater than 10. Additionally, the correlations between the independent variables and results are shown in Table 3. The correlation coefficients are generally low and acceptable (most are under 0.5, and the highest was 0.61), which suggests that there are no multi-collinearity problems in the model. The increase in gross domestic product (GDP) and the increase in the average wages per capita (WAG) are moderately correlated, with a correlation coefficient of 0.61. It is not surprising that the GDP, CAP (whether a city is a provincial capital), and RLFE (the ratio of fiscal expenditure per capita at the prefectural level to that at the provincial level) are correlated moderately (the coefficients are approximately 0.5) given that regions with high economic development and high administrative level usually have more revenue.






4. Characteristics of Impervious Surface Expansion in China


4.1. The Expansion of Impervious Surfaces in China


This article is concerned with the impervious surfaces in GlobeLand30 data. Extensive land conversion has occurred from 2000 to 2010 (1.61 × 104 km) [1]. Figure 2 shows the changes of impervious surface expansion from 2000 to 2010 of all provinces. Land development within the country is not balanced. At the regional level, the growth in impervious surfaces was unbalanced between the provinces in the eastern, central, and western regions. The eastern coastal regions grew most rapidly, followed by the central and the western inland regions. This pattern is consistent with the overall speed of economic development. The eastern regions had the highest degree of industrialization and urbanization. At the provincial level, provinces, such as Shandong and Jiangsu, exhibited the most expansion at 4370 km2 and 3744 km2, respectively. The provinces in the western regions, such as Tibet and Qinghai, exhibited the least expansion, and most of the provinces in this region grew less than 200 km2.




4.2. Spatial Pattern of Impervious Surface Expansion


To understand the pattern of the increase in impervious surfaces, we calculated the spatial autocorrelation and local autocorrelation of the increase in developed land. Moran’s I and the Getis-Ord Gi* are the two most commonly used methods to identify hotspots [53,54]. The Getis-Ord Gi* can accurately detect aggregation areas in hotspot analysis, and Moran’s I can detect the core areas of data, but has a shorter range than the results based approach of the Getis-Ord Gi*. Therefore, Getis-Ord General G and Getis-Ord Gi* were employed to analyze the global and local patterns. The advantage of these indicators of spatial association lies in their capability to identify clustered values at a certain location and their surrounding neighbors. Local spatial autocorrelation can provide a basis for classification or division. We conducted hotspot analysis using the corresponding method. The General G and Gi* values were calculated as follows:


   G =     ∑   i = 1  n    ∑   j = 1  n   w  i j    x i   x j      ∑   i = 1  n    ∑   j ≠ i  n   x i   x j      



(2)






    G i *  =     ∑   j ≠ i    w  i j    x j      ∑   j ≠ i    w j      



(3)




where wij represents the spatial relationship between i and j. There are several approaches to define wij. In this study, only neighboring polygon features that share a boundary are adopted to be relevant. When two features share a boundary, the value of wij is 1, otherwise the value is 0. xi represents the spatial observation at position i; xj represents the spatial observation at another location. If G is greater than 1.96, a hotspot exists; if G is less than 1.96, a coldspot exists.



The spatial patterns of increases in impervious surfaces at the prefecture level of cities are discussed based on the results of global Getis-Ord G. The observed values of G are greater than their mathematical expectations, and the Z scores of impervious surfaces are significant, with a total value of 8.69. The results of the local Getis-Ord     G i *     values are shown in Figure 3, which illustrates the hotspots of impervious surface development from 2000 to 2010 at the prefectural level. Local autocorrelation revealed significant spatial heterogeneity. The increases in impervious surfaces in space are not uniform. Hotspots of impervious surfaces were mainly concentrated in the Yangtze River Delta, Beijing-Tianjin-Hebei region, and on the Shandong Peninsula.



To evaluate the changes in impervious surfaces at hotspots more clearly, we analyzed the statistics of land use change in the three aforementioned regions. The differences between these regions and other regions in the study area are compared, and the results are shown in Table 4. Both the average increase and the ratio of the increase to the total of the three regions are far greater than the national average values. Shandong Peninsula has the largest number of prefecture-level cities, up to 13. The Beijing-Tianjin-Hebei region exhibited the largest average increased area (602.58 km2), and the Yangtze River Delta exhibited the largest ratio of increased area to the total area at 6.1%.





5. Results


The results of the multilevel regression are presented in Table 5. Maximum likelihood ratio tests are applied to test the quality of the models. The results indicate that the models can pass the chi-squared test with a high significance and a p-value of less than 0.01, which suggests that the models are statistically valid. For comparison, we generate results using a random effects model without the level-2 variables. The small variation in the −2×log likelihood implies that the result is more stable after adding the level-2 variables.



The residuals of the regression results at level 2 indicate that the deviation between the average value and increased value is caused by the economic performance of the provinces. By analyzing the significance test results and the residuals, we can further detect the effect of the economic level on impervious surface expansion in the different provinces. The results are shown in Figure 4. Developed provinces, such as Shandong, Jiangsu, and Zhejiang, exhibit large variations in impervious surface expansion. However, no similar effects are observed in the central and western regions. The prefecture cities in these provinces also experienced considerable impervious surface expansion. The normal probability plot of the level-1 residuals in Figure 5 is used to assess model assumptions. By controlling the differences between provinces, the associated plot is relatively linear, which suggests that the normality assumption is reasonable.



In terms of the results at the provincial level, PGDP (the increase in the GDP density of provinces) has a positive relationship with the expansion of impervious surfaces, with a coefficient of 0.125. The results of the variables at the provincial level indicate that wealthy provinces are associated with more developed land than non-wealthy provinces. This relationship reflects the speed of economic development in different regions of China. In China, the eastern provinces have prominent economic advantages, leading to a large demand for developing land. PPOP (the coefficient of the increase in the population density of provinces) is −0.061, but not statistically significant.



5.1. Demand Variables


GDP reflects the level of economic development, and the coefficient of GDP is 0.289. The significances of the results are in line with previous studies [39]. The results of GDP indicate that increases in the total economy play a positive role in the expansion of developed land. During China’s rapid development, GDP has been an important indicator of the governments’ performance. Local governments are usually actively engaged in attracting investment and constructing infrastructure to promote economic growth. Both industrial factories and transportation construction will lead to increases in developed land. From the perspective of competition between local governments, transferring land at a low price is used as a mean of attracting investment. Therefore, increases in developed land and economic development in China are often mutually reinforced [41].



The coefficient of WAG is 0.215 and related to the positive expansion of impervious surfaces, which indicates that the wealthier regions tend to have greater land demands. This fits well to the classic Alonso model. The comparative statistical analysis of the Alonso model has suggested that the gradient of the bid price curve will decrease with increased income, which is often explained as land is a quality good and the rich tend to consume more land [55]. Areas with high wages generally occur in developed regions, and high WAG is associated with high land demand. These results imply that the market demands are usually satisfied by the land system in China. To meet the consumption demand in these places, real estate transactions and other material production in the wealthier regions are more extensive.



In this study, RLFE exhibits no significant correlation between fiscal decentralization and developed land expansion. RLFE is used to represent the ability of a local government to promote its own development, and it is usually significant in the studies using statistical data [16]. Similar results are found for the variables reflecting globalization and marketization, such as FDI (the share of the total increase in actual foreign investment to GDP), DZ (whether a city has national economic and technological development zones), and LAB (the ratio of the increase in private workers to the increase in overall workers). As compared with the previous studies based on statistical data, our results indicate that the local economic growth is most relative to the expansion of impervious surfaces, while some other characteristics (indirect indicators of economic growth), such as FDI or DZ, are less relative, though they may significantly contribute to the statistical numbers.




5.2. Supply Variables


The variable of RLTF (the ratio of the total amount of land transfer fees to fiscal revenue) is used to reflect the degree of marketization in the previous studies, and it is often found to be significant. Generally, as the value of RLTF increases, the amount of land supplied from the government increases. In this study, the coefficient of RLTF is about 0.163, and it is positively correlated with the expansion of impervious surfaces. This is also in agreement with our expectation. In China, the state has the exclusive power to supply available land for development. As controlled by the government, the supply of developed land affects land development.



The land allocation system in China has a hierarchical structure [33]. A limited literature has quantified the relationship between the rank of administration and the land expansion, most of which indicates that the high administrative-level cities tend to expand more rapidly [56]. In this study, CAP and SUB (whether a city is a sub-provincial city) are used to reflect the roles of the administrative levels. The coefficient of CAP is not significant, while SUB is negatively correlated with the expansion of impervious surfaces, with a moderate coefficient of −0.305. This is not particularly consistent with the previous studies. Our results indicate that the actual impervious surface expansions are less likely promoted by the political levels. This may be caused by the data resource. The existing studies are based on official land use data, while this study uses remote sensing data. As mentioned above, the data of impervious surfaces in GlobeLand30 reflects the actual land development, rather than the allocation of quotas. Higher administration may have an advantage in land quotas acquisition, but the illegal land use is often active at the lower administration levels of towns or villages [57]. In fact, land use in rural China was weakly regulated by government in the period of 2000 to 2010 [58].



As a control variable, the proportion of the secondary economic sector (PSEN) is not significant, but the cultivated area in 2000 (CUL) is positively correlated with the expansion of impervious surfaces. The coefficient of CUL is 0.18. This result indicates that the prefecture cities with more cultivated areas tend to develop more land. In China, the arable lands surrounding urban areas are the most vulnerable areas to be converted into developed land, as the terrain, slope, and other natural conditions of cultivated land are conducive to reduce development costs in general. This implies a great pressure of implementing a stringent policy concerning farmland protection. In fact, although the Chinese government has strict protection policies for agricultural land, such as the basic Farmland Protection Regulation [59], the cultivated land protection policies in China are difficult to implement well [23].





6. Discussion and Conclusions


In the studies of China’s expansion of developed land, the data of land expansion are from a variety of sources. In this study, we use GlobeLand30 data of year 2000 and 2010 to investigate the drivers of impervious surface expansion in China. The GlobeLand30 used in this study is high in accuracy and can provide a sound basis for global comparative study. Based on the existing literature, a multilevel model was applied to validate the recent theoretical progress and the most commonly used variables by controlled for provincial differences.



Most results are consistent with the previous research [15,19,40]. The demand of the market is important to promote the expansion of the impervious surfaces. The GDP and WAG are positively correlated with the expansion of impervious surfaces, which is in agreement with the market-based theory. Meanwhile, the variables related to the supply of land exhibited positive effects. The results imply that the expansion of impervious surfaces in China is deeply affected by the land supply controlled by the government. Additionally, our study reveals that the amount of cultivated land is related to the increase of impervious surfaces. This implies the appeal to strengthen the protection of arable land is not outdated. Meanwhile, a few variables in this study exhibit some differences from those of previous studies that are based on the government statistics [16,17,18]. For example, according to the statistical data, the factors of decentralization and administrative level are usually significant, but it is not significant to the results of this paper. Inconsistencies in these results may be due to differences in the data itself. A comparison of the results from different data sources provides us with a better understanding of these variables.



In this study, for the variables that are statistically significant, their correlation index values are less than 0.3. GDP has the highest positive impact on the expansion of impervious surfaces. When the GDP rose by 1%, the size of the impervious surfaces rose by 0.29%. The variable of RLTF reflects the land institution. It has also a relatively higher positive impact. These results are consistent with some existing studies [17,18,19]. Some variables have a negative impact, such as SUB. This may be caused by the illegal land use which is reflected more in the remote sensing data. Out results confirm that economic growth and the land supply institution are the most important driving factors of the expansion of impervious surfaces. It is helpful for urban planners and government officials to predict the future expansion. When the economic growth slows down, they should consider adjusting the expectation on impervious surface expansion, and pay attention to the impact of land supply institution.



The latest GlobeLand30 dataset at a global scale provides new opportunities for studying land use and is beneficial for comparisons with different countries and other data sources. If more data in the framework of the GlobeLand30 are published in the future, the studies for some specific policy implementation periods are also necessary. Nevertheless, the data also have limits. For example, the data from the remote sensing cannot provide further research on the driving forces of different land types. Additionally, in further research, combining the remote sensing data in the global framework with the statistical data at different scales at high resolutions should be pursued.
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Figure 1. Study area. 
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Figure 2. Spatial distribution of impervious surface expansion. 
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Figure 3. Hotspot analysis of impervious surface expansion at the prefecture level. 






Figure 3. Hotspot analysis of impervious surface expansion at the prefecture level.



[image: Ijgi 06 00264 g003]







[image: Ijgi 06 00264 g004 550] 





Figure 4. The province residuals. 
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Figure 5. Normal plot of the level-1 residuals. 
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Table 1. Variables with more than three occurrences and their significance frequency.






Table 1. Variables with more than three occurrences and their significance frequency.





	
Variable

	
Impervious Surface Expansion




	
Frequency of Occurrence

	
Frequency of Significance of Level 0.1






	
FDI (or the ratio of FDI to GDP)

	
8

	
7




	
The increase in GDP

	
7

	
7




	
Total population (or non-agricultural population)

	
7

	
6




	
Population density

	
5

	
4




	
GDP2 (or the proportion)

	
5

	
4




	
The ratio of private workers (Employees)

	
4

	
4




	
Average wages

	
4

	
4




	
development zones dummy (or high-tech industrial number)

	
4

	
4




	
Cultivation land area (or per capita)

	
4

	
2




	
Plain ratio

	
4

	
4




	
Precipitation

	
4

	
4




	
Temperature

	
4

	
2




	
Distance to the provincial capital

	
4

	
2




	
GDP3 (or the proportion)

	
3

	
2




	
The ratio of total amount of international trade to GDP (or international trade)

	
3

	
2




	
Agricultural investment

	
3

	
2




	
The ratio of land transferring fees to fiscal revenue

	
3

	
3




	
Fiscal expenditure

	
3

	
3




	
The ratio of fiscal revenue to fiscal expenditure

	
3

	
3




	
Neighboring effect

	
3

	
3




	
Time dummy

	
3

	
3




	
Slope

	
3

	
2




	
Elevation

	
3

	
2




	
Administration dummy (municipalities, sub-provincial cities, or provincial capital)

	
3

	
3
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Table 2. Definitions and descriptive statistics of variables.
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	Variables
	Descriptions
	Minimum
	Maximum
	Mean
	Standard Deviation





	GDP
	An increase in GDP from 2000 to 2010 (billion RMB)
	125.2
	12615
	1254
	1627



	FDI
	The share of the total increase in actual foreign investment to GDP (%)
	−0.002
	0.02
	0.002
	0.002



	RLFE
	The ratio of fiscal expenditure per capita at the prefectural level to that at the provincial level (%)
	0
	1
	0.11
	0.16



	RLTF
	The ratio of the total of land transfer fees to fiscal revenue (%)
	0.04
	2.33
	0.80
	0.47



	LAB
	The percentage of increase by private workers to the increase in total workers (%)
	0.02
	0.98
	0.31
	0.62



	WAG
	The increase in average wages per capita (10 thousand RMB)
	0.70
	5.33
	2.32
	0.60



	POP
	The increase in total population (number)
	−53
	415
	38
	47



	CAP
	Whether a city was a provincial capital
	0
	1
	0.12
	0.32



	SUB
	Whether a city was a sub-provincial city
	0
	1
	0.06
	0.23



	DZ
	Whether a city has national economic and technological development zones
	0
	1
	0.26
	0.44



	control variables
	
	
	
	
	



	PSEN
	The proportion of the secondary economic sector (%)
	0.17
	0.89
	0.51
	0.10



	CUL
	The cultivated area in 2000 (thousand hectares)
	3
	1815
	308
	266



	provincial level
	
	
	
	
	



	PPOP
	The increase in the population density of the provinces (person/km2)
	4
	266
	41.9
	35.37



	PGDP
	The increase in the GDP density of the provinces (hundred million RMB/km2)
	0.01
	1.99
	0.12
	0.15
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Table 3. Correlation coefficients among dependent variables.
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	GDP
	FDI
	RLFE
	RLTF
	Lab
	Wag
	Pop
	Cap
	Sub
	DZ
	PSEN
	Cul





	GDP
	1
	
	
	
	
	
	
	
	
	
	
	



	FDI
	0.29 **
	1
	
	
	
	
	
	
	
	
	
	



	RLFE
	0.56 **
	0.15 **
	1
	
	
	
	
	
	
	
	
	



	RLTF
	0.11
	0.16 *
	−0.11
	1
	
	
	
	
	
	
	
	



	Lab
	−0.02
	0.04
	−0.10
	0.03
	1
	
	
	
	
	
	
	



	Wag
	0.61 **
	0.25 **
	0.43 **
	0.11
	−0.10
	1
	
	
	
	
	
	



	Pop
	0.37 **
	0.04
	0.32 **
	−0.07
	−0.03
	0.11
	1
	
	
	
	
	



	Cap
	0.50 **
	0.20 **
	0.59 **
	0.00
	−0.17 **
	0.39 **
	0.44 **
	1
	
	
	
	



	Sub
	0.44 **
	0.24 **
	0.24 **
	0.11
	0.03
	0.26 **
	0.18 **
	0.43 **
	
	
	
	



	DZ
	0.43 **
	0.36 **
	0.36 **
	0.19 **
	−0.11
	0.34 **
	0.23 **
	0.50 **
	0.30 **
	1
	
	



	PSEN
	−0.05
	0.08
	−0.19 **
	−0.09
	0.01
	0.13 **
	−0.18 **
	−0.23 **
	−0.12
	−0.05
	1
	



	Cul
	0.12
	−0.06
	0.15
	−0.07
	0.05
	−0.08
	0.19
	0.08
	0.09
	0.02
	−0.25
	1







** p-value < 0.01; * p-value < 0.05.
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Table 4. Statistical analysis of impervious surface expansion in hotspots areas.
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	The Number of Prefecture Level Cities
	Average Increased Area (km2)
	The Ratio of the Increased Area to the Total Area





	Beijing-Tianjin-Hebei region
	7
	602.58
	3.88%



	Yangtze River Delta
	12
	399.24
	6.10%



	Shandong peninsula
	13
	312.62
	3.28%



	the total samples
	259
	99
	0.74%
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Table 5. The result of the regression.






Table 5. The result of the regression.









	Variables
	Multi-Level Regression (2000–2010)





	prefecture level
	



	GDP
	0.289 ***



	FDI
	0.072



	RLFE
	−0.03



	RLTF
	0.163 ***



	LAB
	0.023



	WAG
	0.215 ***



	POP
	−0.101 *



	CAP
	0.06



	SUB
	−0.305 ***



	DZ
	−0.144



	PSEN
	−0.033



	CUL
	0.18 ***



	provincial level
	



	PGDP
	0.125 *



	PPOP
	−0.061



	−2×log likelihood
	637.13



	likelihood ratio test
	<0.001







Note: * p < 0.1, *** p < 0.01.
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