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» We identify a boosting mechanism between urban land rent and urban development.
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China has undergone large-scale urban expansion and rapid loss of cultivated land for more than two
decades. The goal of this paper is to examine the relative importance of socioeconomic and policy fac-
tors across different administrative levels on urban expansion and associated cultivated land conversion.
We conduct the analysis for urban hotspot counties across the entire country. We use multi-level mod-
eling techniques to examine how socioeconomic and policy factors at different administrative levels
affect cultivated land conversion across three time periods, 1989-1995, 1995-2000, and 2000-2005. Our
results show that at the county level, both urban land rent and urban wages contribute to total cul-
tivated land conversion. Contrary to expectations, agricultural investment drives farmland conversion,
suggesting a policy failure with unintended consequences. At the provincial level, urban wages and for-
eign direct investment both positively contribute to cultivated land conversion. We also find that higher
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GDP correlates with more urban expansion but the relationship is nonlinear.
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1. Introduction

The current demographic transition in China is one of the largest
in the world in terms of the scale of urban population growth
(Chuang-lin, 2009; Pannell, 2002). The proportion of urban pop-
ulation increased to 47% in 2010 from 22.9% in 1985. This trend
is expected to continue, with a projected 270 million increase
in China’s urban population over the next two decades (United
Nations, 2009). This urban demographic shift has been accompa-
nied with large-scale urban land expansion and the resultant loss
of agricultural land throughout the country (Seto, Kaufmann, &
Woodcock, 2000; Tan, Li, Xie, & Lu, 2005; Wang & Scott, 2008).
Nationwide, the urban extent increased by 817 thousand ha dur-
ing the 1990s, or an area roughly equal in size to Puerto Rico (Liu,
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Zhan, & Deng, 2005). Official statistics and calculations derived from
satellite imagery show that urban development occurred on more
than 334 thousand ha of cultivated land between 1986 and 2003,
accounting for 21% of the total loss of cultivated land (Chen, 2007).
This is more prominent in regions that have experienced rapid
economic growth and urban development, such as the Pearl River
Delta and Beijing-Tianjin-Hebei regions (Seto & Kaufmann, 2003;
Tan, Li, Xie, et al., 2005). A study of 145 Chinese cities shows that
urban growth during the 1990s took place primarily on cultivated
land (Tan, Li, & Lu, 2005). Although the central government has
introduced a number of policies aimed at cultivated land preserva-
tion, including the Basic Farmland Protection Regulation enacted
in1994 and the 1999 New Land Administration Law, losses of culti-
vated land are still taking place, particular in the coastal and central
provinces (Lichtenberg & Ding, 2008). In addition to the direct
loss of cultivated due to urban expansion, a substantial change
in dietary patterns, including a decrease in the consumption of
food grains and a rise in the consumption of egg, milk and live-
stock products, puts additional pressure on the country’s cultivated
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land and production (Pingali, 2007). The combination of contin-
ued growth of Chinese cities, limited arable land, and changes in
the composition of domestic food demand puts existing cultivated
land at risk for conversion to urban areas, and natural ecosystems
at risk for conversion to farmland. Therefore, an understanding of
the relationship between urban expansion and cultivated land loss
is critical in order to achieve the twin goals of urban growth and
preservation of farmland and natural ecosystems.

Despite the magnitude and pace of urban expansion across
the country, there is limited understanding about the patterns
and the underlying processes of urban land use change at the
national scale. Most of the research on urban expansion in China
has been devoted to studying the growth of individual cities or
regions (Cheng & Masser, 2003; He, Okada, Zhang, Shi, & Li, 2008;
Long, Tang, Li, & Heilig, 2007; Schneider, Seto, & Webster, 2005).
Among the studies at the national scale (Deng, Huang, Rozelle,
& Uchida, 2008; Deng, Huang, Rozelle, & Uchida, 2010; Liu, Liu,
Deng, Zhang, & Zhuang, 2003; Tan, Li, & Lu, 2005), very few studies
explain the process of urban expansion using systematic meth-
ods and none quantitatively examines the urban conversion of
cultivated land. Unlike the previous studies looking at the spatial
extent of cities, we directly investigate the mechanism of the area of
land conversion. Furthermore, to our knowledge, no study simul-
taneously takes into consider the legalization of the land leasing
market, urban planning policies, and the increasingly decentralized
and unstructured nature of China’s urban development. Policies
at various administrative levels have exerted fundamental influ-
ences on the magnitude, the pattern, and the process of urban
expansion. However, to date, there have been no empirical stud-
ies that incorporate these factors across administrative levels
explicitly.

This study examines the relative importance of socioeconomic
factors and policies at different administrative levels in driving
the conversion of cultivated land in regions characterized by rapid
urban growth. We focus specifically on “urban hotspot counties,”
defined as counties that experienced urban land expansion faster
than the remainder of the country. Using a multi-level modeling
approach, we ask the following questions. What county-level fac-
tors drive the urban conversion of cultivated land in urban hotspot
counties? What provincial-level factors drive the urban conversion
of cultivated land? What national-level factors drive the urban con-
version of cultivated land? What is the relative importance of these
factors across administrative levels? As a national level research,
the study is useful in reflecting the broad picture of the urbaniza-
tion process in China, but the underlying mechanism derived is
based on and limited to the urban hotspot counties.

2. Literature review on theories of urban land-use change
and multi-level modeling in land use

We use two categories of theories to frame our study of urban
expansion and cultivated land loss: the microeconomic theory of
land use change (Bockstael, 1996; Rosenthal & Helsley, 1994) and
the urban bid-rent model (Beckmann, 1969; Von Thunen, 1826).

The microeconomic theory of land use change views the urban
development of agricultural land as the outcome of decisions from
individual land users, who attempt to maximize the expected
profits of individual parcels. Spatially-explicit models based on
microeconomic theory are useful in understanding the spatial and
temporal dynamics of land use decisions among individual agents,
but they do not provide information about the cumulative amount
of land change (Verburg, Schot, Dijst, & Veldkamp, 2004). Fur-
ther, these land use models do not account for the complexities
of institutional and socioeconomic settings that are exogenous to
the micro-environment of individual land users.

The bid-rent model, as the basis of urban economic theory,
explains the accumulated outcome of urban land use change. It
theoretically defines the distance to a city center as the single
determinant of land rents and the resulting distribution of land
uses. Later scholars expanded the bid-rent model, incorporating
the influence of income (Barlowe, 1978), improved transportation
(White, 1988), and spatial heterogeneities in terms of soil quality,
climate, natural resource endowments, etc. (Moses & Williamson,
1967). Under the frame of the bid-rent model, aspatial land use
models have been developed and empirically tested with the objec-
tive to understand the spatial scale of cities (Brueckner & Fansler,
1983; McGrath, 2005), industrialization and urban land expansion
(Deng et al., 2008, 2010), and urbanization and the conversion of
agricultural land and natural land covers (Seto & Kaufmann, 2003).
Using 1970 census data for 40 urbanized areas in the U.S., Brueckner
and Fansler found that the fundamental economic factors identified
by the bid-rent model, population, income, transportation costs
and agricultural land rent, are of primary importance in determin-
ing urban spatial sizes. McGrath'’s results reinforced Brueckner and
Fansler’s conclusion, and recognized that unknown factors beyond
those identified by the bid-rent model also contribute to urban
expansion.

The presence of these unknown factors means that the bid-rent
model can only explain the increase of urban areas to certain extent.
In the case of China, where the land market has not matured and
state allocation of land still remains the dominant way of distribut-
ing land use rights, there are additional reasons why the bid-rent
model may be limited. Researchers have highlighted the role of
policies and the shifts of macroeconomic environments on urban
land-use change in China, including the importance of foreign
direct investment and off-farm wages (Seto & Kaufmann, 2003),
the relaxation of the “hukou” system of residency permits (Shen,
Wong, & Feng, 2002; Xie, Fang, Lin, Gong, & Qiao, 2007), and gover-
nance decentralization and the profit-seeking behaviors of various
local agents (Wang & Scott, 2008). There are only a few national-
scale studies on urban land-use change and farmland conversion
in China. Using counties as the analytical unit, Deng et al. (2008,
2010) evaluate the demographic and economic factors that drive
urban expansion. Their results support the key hypotheses of the
bid-rent model, and emphasize the impacts of rising income and
industrialization on urban growth. Since the focus of their studies is
on the change in urban spatial size, limited conclusions can be made
about the loss of cultivated land due to urbanization. Moreover,
their study design only includes factors that drive urban growth at
the county level and ignore regional level factors.

More than two decades of land change research concludes
that land use changes are the outcomes of biophysical and
socioeconomic determinants that occur across multiple spatial
and temporal scales (Geoghegan & Pritchard, 1998). In order to
capture and represent these effects, we use a multi-level modeling
approach, which is capable of integrating variation that originate
from multiple scales and levels to evaluate the relative impact of
policies and factors across administrative and spatial scales. Multi-
level modeling is particularly suited to analyze land-use data with
spatially clustered hierarchical structure (Gelman & Hill, 2007;
Snijders & Bosker, 1999). There are only a few examples of multi-
level modeling in land-use studies. Multi-level models outperform
conventional regression models in handling hierarchically struc-
tured data in many perspectives: they treat within-group variation
and between-group variation separately, hence minimizing the
problems of inefficient parameter estimates and understated stan-
dard error estimates resulting from the within-group dependence
associated with hierarchical data (Overmars & Verburg, 2006;
Snijders & Bosker, 1999); they reduce omitted variable bias by
incorporating covariates and random effects at the group level to
control for spatial heterogeneity; they not only take account of the
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Fig. 1. Urban hotspot counties between 1992 and 2008.

direct trajectory by which higher-level driving factors affect the
land use, but the indirect trajectory by which higher-level factors
influence the land use via lower levels (Hoshino, 2001). Among
the few studies of multi-level modeling of land use (Overmars
& Verburg, 2006; Pan & Bilsborrow, 2005; Vance & lovanna,
2006), only Vance and Iovanna (2006) use longitudinal data. There
are more methodological challenges with respect to analyzing
longitudinal land use data using multi-level modeling techniques
(Bliese, 2002). In the case of longitudinal data, repeat observations
about land use change from a spatial entity (such as community)
represent the first level in the hierarchy, and the spatial entity itself
represents the second level. If the spatial entity is nested within
other higher-level spatial entities (such as municipality and state),
higher-level random effects and covariates can be incorporated
and specified accordingly in the multi-level model.

3. Urban expansion datasets: identifying urban hotspots
and developing a national database of urban expansion

We used a 2-stage process to identify urban hotspots and
the urban expansion within them. We define urban hotspots
as counties that experienced higher rates of urban growth—as
detected by the nighttime light (NTL) data recorded by the U.S.
Air Force Defense Meteorological Satellites Program/Operational
Linescan system (DMSP/OLS)—relative to neighboring counties
from 1992 to 2008. The nighttime light data is a measure of night
light intensity, and has been shown to be an indicator of urban
activities (Doll, Muller, & Morley, 2006; Sutton & Costanza, 2002;
Zhang & Seto, 2011). Using the DMSP/OLS data, we conducted a
Local Indicators of Spatial Association (LISA) analysis, a spatial ana-
lytical technique for identifying the presence or absence of spatial
clusters (Anselin, 1995). We conducted the LISA analysis at the
county level to identify urban cluster hotspots for four time inter-
vals: 1992-1996, 1996-2000, 2000-2004 and 2004-2008.

For each time interval, the analysis consisted of three steps: First,
we overlaid the DMSP/OLS raster file for each of the two observa-
tion years with the county’s administrative polygon shapefile and
calculated the total sum of the DMSP/OLS values for each polygon
for each year. Second, we generated a difference map between the
two observation years. Third, the difference map was used to cal-
culate hotspots maps based on the LISA algorithm (Anselin, Syabri,
& Kho, 2006). We then combined the four sets of urban hotspots
detected for each time interval to create a complete list of urban
hotspots between 1992 and 2008 (Fig. 1). This list, which consisted
of 246 urban hotspot counties distributed in 25 provinces, was used
in the next stage to compare with the national data set on urban
land expansion.

Since understanding the underlying process that drives urban
expansion and agricultural land conversion is the main goal of the
study, werequire high resolution, spatially explicit data on land-use
change. Aggregated land use data that are available in provincial or
prefectural statistical year books lack the adequate temporal and
spatial resolution for our study. Moreover, land use data published
by the Chinese government have been questioned for underesti-
mating the quantity of agricultural land and its rate of loss (Chow,
1994; Seto et al., 2000).

Therefore, we used a land use data set that were derived from
the NASA Landsat TM/ETM satellite, and analyzed by the Chinese
Academy of Sciences (CAS) (Liy, Liu, Deng, & Zhuang, 2002; Liu et al.,
2003). This national data set, which has undergone extensive test-
ing and development, contains spatially explicit information about
the extent of urban and cultivated land for the years 1989, 1995,
2000, and 2005. Using data from these years as baselines, we cal-
culated the amount of cultivated land loss due to urban expansion
for the periods 1989-1995, 1995-2000, and 2000-2005, and then
combined this data set with the list of urban hotspot counties devel-
oped from the LISA analysis. Nationwide, the land use data for year
1989 were derived from satellite images across 1986-1989. How-
ever, with a careful check of the data, we find that regions identified
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as the urban hotspots are mainly covered by images in 1989. So
the data set that we use to combine with the list of urban hotspot
counties basically captures the land use change information dur-
ing 1989-1995. Later we defined the time variable to represent the
three periods of the data set. The multi-level modeling approach
can only capture variations in the conversion of cultivated land
between different time periods. Understanding variations in the
conversion of cultivated land within particular period requires
more data and additional future research.

We hypothesize that the conversion of cultivated land for urban
uses is due to the effects of two key determinants of urban extent
in the bid-rent model (land rents and income) and several other
important socioeconomic factors documented in empirical stud-
ies (off-farm wages, agricultural investments, and foreign direct
investments). We used data on total and sector gross domestic
product (GDP) at the county and provincial levels, total and agricul-
tural population at the county and provincial levels, and provincial
foreign direct investment as measures to test the aforementioned
hypotheses. All the data were collected by the CAS.

We included a set of biophysical variables in our analysis in order
to capture natural geographic variation across space. We intend
to test how county’s relative location, terrain and climate charac-
teristics affect urban expansion and cultivated land loss. The data
reflecting terrain attributes were generated from China’s digital
elevation model data set by the CAS. The distance of each county
seat to the provincial capital was calculated by Deng and his col-
leagues using data from the CAS data center (Deng, Liu, Zhan, &
Zhao, 2002; Deng et al., 2010). The climate data are created by Deng
and his colleagues using the site-based observations from the China
Meteorological Administration from 1950 to 2000. The socioeco-
nomic and biophysical data sets were also combined with the list
of urban hotspot counties.

4. Multi-level models and variable specifications

We followed guidelines from the literature on multi-level mod-
eling and applied a restricted maximum likelihood (RML) algorithm
for our model estimation (Osgood & Smith, 1995; Snijders & Bosker,
1999). In the multi-level models, our dependent variable is Con-
vertedLand, the amount of cultivated land that in a county has
been converted to urban uses for each of the three time intervals:
1989-1995, 1995-2000 and 2000-2005. Time is represented by
Year, with 0 for 1989, 6 for 1995 and 11 for 2000. The bid-rent model
suggests that land rents and income are important determinants
of urban extent. At the same time, empirical studies report that
off-farm wages, agricultural investments, and foreign direct invest-
ments are important factors that drive urban expansion in China.
Combining these two arguments, we select three socioeconomic
variables at the county level and three socioeconomic variables at
the province level. Specifically, LandRentRatio is defined as the ratio
between agricultural land rent and urban land rent in a county for
a given year (1989, 1995 or 2000).

The conversion of cultivated land to urban land is affected by
land rents and land prices associated with individual land uses.
Since there is no consistent information about land rent across Chi-
nese counties, we use the value of gross agricultural output divided
by cultivated land area as a proxy for agricultural land rent and
the value of gross industrial output divided by urban land area a
proxy for urban land rent (Seto & Kaufmann, 2003). UrbWage, is
the urban wage as specified by the ratio of the value of gross indus-
trial output over the nonagricultural population for a county in a
given year (1989, 1995 or 2000). High urban wages are expected
to increase the opportunity costs of farming, and result in labor
scarcity in the agricultural sector (Conelly, 1994). Agrilnvest rep-
resents the agricultural investments per capita in a county for a

given year (1989, 1995 or 2000). Agricultural investments from
the national and provincial governments which are allocated at
the county scale are aimed at enhancing agricultural productivity
and promoting agricultural economic development and farmland
preservation. GDP_p is the gross domestic output of a province for
a given year (1989, 1995 or 2000) and is used as an indication of
population income for the region. UrbWage_p is defined similarly
to UrbWage, but is a measurement at the provincial level. Studies of
migration to cities show that the pull effect of urban wages exists
at both the local and regional scales. FDI_p represents foreign direct
investments (FDI) per capita of a province for years 1989, 1995 or
2000. Many scholars have emphasized the role of FDI in funding the
regional infrastructures, real estate projects, and light industries
during the process of China’s economic development (Eng, 1997;
Houkai, 2002). Since spatial heterogeneities and locational advan-
tages affect urban growth, a group of biophysical variables, which
do not vary over time, are specified and used to control for time-
invariant spatial heterogeneities. DistPCapit measures the distance
from the county seat to the provincial capital and it provides infor-
mation about the county’s relative location. PlainRatio is the ratio of
land with a slope less than eight degrees in a county and Elevation
represents average elevation of a county. Together, they measure
the average terrain condition or suitability for urban construction.
Precipitation, which is the average annual precipitation in a county,
and Temperature, which is the average annual air temperature in
a county, are controls for geographic and climate characteristics
(Table 1).

We followed steps suggested in the literature to build a series
of multi-level models and to select the optimum one as the base
model for including explanatory variables. First, we fit a model with
the county-level random intercepts only (assuming the response
randomly varies among counties) and examine the form of the
relationship between time and the response. Next, we exam-
ined whether the response randomly varies among provinces and
whether the relationship between time and the response varies
among counties. In this step, we use univariate tests of the individ-
ual variance components and multivariate tests of overall model fit
in order to select the optimum model. In the third and final step,
we added predictors at different administrative levels to the base
model.

For all multi-level models definitions in the remainder of the
paper, we use the following notation: i indexes counties, t indexes
time and j indexes provinces. We start by fitting two basic multi-
level models, with the purpose of identifying the correct form of
the relationship between time and the response. These models can
be regarded as the unconditional models since no explanatory vari-
ables other than the time variables are incorporated.

Log(ConvertedLand);, = Bo + B1Year + ug; + ;¢ (1)

In Eq. (1), ug; is the random intercept that varies randomly
between counties and is assumed to be normally distributed with
a zero mean and a variance of tg. &;r is the error term which is nor-
mally distributed with a zero mean and a variance of 62. g and B;
are regression coefficients to be estimated.

Log(ConvertedLand);, = o + B1Year; + ﬁzYearizt + Ug; + Ejt (2)

In Eq. (2), a squared term of Year is added and the other parts
remain the same as Eq. (1). The estimation results of Egs. (1) and
(2) indicate that both linear and quadratic effects of time are signif-
icant. As a consequence, both time effects have to be incorporated
when estimating our multi-level models.

Next, we determined the optimum number and form of random
effects that are adequate for the multi-level model. We assume that
the response randomly varies among counties, but the response
could vary randomly among provinces and that the relationship
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Table 1
Variables used in the study.

Variable Description

Dependent variable
ConvertedLand

Independent variables
County level

Area of land converted from agriculture to urban uses in a county within 1989-1995,
1995-2000, or 2000-2005 intervals (ha)

Year Variable for time (0 for year 1989, 6 for year 1995 and 11 for year 2000)
LandRentRatio GDPin ag'rl'cultural' sector/area of agricultural lar'ld (inacounty) %)
GDPinindustrial sector/areaof urbanland (inacounty)

UrbWage GDP1mndustr1alsectqr (m'a county) (10 thousand yuan)
nonagricultural population (inacounty)

Agrilnvest Agricultural investment per capita (yuan)

DistPCapit Distance from the county seat to the provincial capital (m)

PlainRatio Ratio of land with a slope less than eight degrees in a county (%)

Elevation Average elevation of a county (m)

Precipitation Average annual precipitation in a county (mm)

Temperature Average annual air temperature in a county (°C)

Province level

GDP_p GDP of a province (10 thousand yuan)

UrbWage.p GDPlp industrial sectqr (m'a provm'ce) (10 thousand yuan)
nonagricultural population (inaprovince)

FDI_p Foreign direct investment per capita (10 thousand yuan)

1 Chinese yuan~0.1574 US dollars.

Table 2
Unconditional models for the stage of model selection.

Dependent variable: Log(ConvertedLand)

Eq.(1) Eq.(2) Eq.(3) Eq. (4)
Intercept 5.594(0.096)" 5.998 (0.093)' 5.909 (0.147)’ 5.909 (0.147)'
Year 0.025(0.011)' —0.458 (0.033)' —0.458 (0.033)' —0.458 (0.033)'
Year? 0.045 (0.003)" 0.045 (0.003)" 0.045 (0.003)'
' p<0.05.

between time and the response varies among counties. In order to
test for this, we develop variations of Eq. (2). Eq. (3) has two random
effects: a county-level random intercept ug; and a province-level
random intercept vy;, both of which are assumed to be indepen-
dently normally distributed. Eq. (4) has three random effects: a
county-level random intercept ug;, a county-level random slope
uy; interacted with time, and a province-level random intercept
vgj, where ug; and uy;; are assumed to be multivariate normally
distributed and vy, is assumed to be independently normally dis-
tributed (Table 2).

Log(ConvertedLand)jc = Bo + B1Yeare + B2 Yearit + Ugjj + voj + Eije
3)
Log(ConvertedLand); = Bo + B1Year; + ﬂzYeari?t + Ugjj
+uyYeary + vo; + ije (4)

Eq. (3) examines the intercept variability at the county and
province levels. The variance of between-county intercepts o2 and
the variance of between-province intercepts o2 are 0.639 and 0.268
respectively (p<0.001 for both), indicating significant between-
group variations at the county and province levels. Further, as Egs.
(2) and (3) are nested, we conduct a likelihood ratio test by cal-
culating the difference in the deviance statistic between the two
equations (Bliese, 2002; Vance & lovanna, 2006). The difference of
20.7 is significant on a Chi-Squared distribution with one degree of
freedom (p <0.0001), providing clear evidence for an improvement
of model fit in Eq. (3). Eq. (4) tests the county slope variability rel-
ative to Eq. (3). However, the variance of the random slope is not

significant and the result of likelihood ratio test does not show a
significant improvement in overall fit. These results suggest that
there is not significant county slope variation. Considering that our
data structure is characterized by the observations of 250 counties
nested within 25 provinces, the relative small sample size may
hamper the estimation of random slopes. Our experience is similar
to that of previous studies which also identified insignificant ran-
dom slopes (Overmars & Verburg, 2006; Polsky & Easterling, 2001).
Given the above reasons, we choose Eq. (3), which allows con-
verted cultivated land to randomly vary among both counties and
provinces, as our base model (Model 1) for including explanatory
variables at different administrative levels.

To estimate the effects of socioeconomic factors at different
administrative levels on urban expansion and agricultural land loss,
we sequentially added three sets of explanatory variables to the
base model (Model 2-Model 4):

P
Log(ConvertedLand); = Bo + B1Year + B2 Yearl%t + Zapxp,-jt
p=1
Q R
+ ) haXai+ D viZje + Uoij + Voj + i

q=1 r=1
(3)

where X consists of p time-variant socioeconomic variables at the
county level (LandRentRatio, UrbWage, and Agrilnvest), Xy;; includes
q time-invariant biophysical variables at the county level (DistP-
Capit, PlainRatio, Elevation, Precipitation, and Temperature), which
primarily serve as controls for the potential spatial heterogeneities
existing across different counties, and Z; contains r time-variant
socioeconomic variables at the provincial level (GDP_p, UrbWage_p,
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Table 3

Multilevel models for the conversion of cultivated land to urban land.
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Dependent variable: Log(ConvertedLand)

Model 1 Model 2 Model 3 Model 4
Fixed effects

Within county and between counties
Intercept 5.909 (0.147)' 6.216 (0.146) 8.478 (1.369)" ~25.977 (16.490)
Year —0.458 (0.033)" ~0.500 (0.034)" ~0.502 (0.034)" ~0.670 (0.059)"
Year? 0.045 (0.003)" 0.046 (0.003)’ 0.046 (0.003)° 0.055 (0.004)"
LandRentRatio ~0.921(0.290)" ~0.764(0.269)" ~0.705(0.273)
Log(UrbWage) 0.286 (0.086)" 0.348 (0.079) 0.308 (0.082)'
Log(Agrilnvest) 0.072 (0.029)’ 0.064 (0.025)" 0.063 (0.024)'
Log(DistPCapit) ~0.323 (0.041)" ~0.321(0.042)"
PlainRatio 0.871(0.206)" 0.858 (0.205)’
Log(Elevation) 0.029 (0.026) 0.059 (0.025)"
Log(Precipitation) —0.259(0.223) -0.392 (0.222)
Log(Temperature) 0.961 (0.293) 0.856 (0.272)

Province level
Log(GDP_p) 4727 (2.033)"
(Log(GDP_p))? —0.151 (0.061)'
Log(UrbWage p) 0.486 (0.242)"
Log(FDIp) 0.238 (0.063)'

Random effects

Within county
o2 1.255 (1.120) 1.267 (1.126) 1.264(1.124) 1.256 (1.121)
Pe 0.580 0.658 0.761 0.805

Between counties
o2 0.639 (0.800)" 0.486 (0.697)° 0.228 (0.478)' 0.236 (0.486)°
Pu 0.296 0.252 0.137 0.151

Province level
o? 0.268 (0.518)" 0.175(0.418)" 0.170(0.412) 0.069 (0.263)"
Pv 0.124 0.090 0.102 0.044

" p<0.05.

and FDI _p). The author also included the size of the county as an
explanatory variable, found it to be insignificant and therefore
omitted it from the model.

In addition to identifying the socioeconomic factors that cor-
relate with urban expansion and cultivated land loss, we are
particularly interested in understanding causality and relation-
ships among the factors. The true relationships cannot be identified
statistically, but we can examine the relations beyond simple corre-
lations using Granger causality test. The Granger causality test can
be applied to time-series data to examine whether lagged values of
Xprovide statistically significant information about future values of
Y, or whether X Granger-causes Y (Granger, 1969; Granger & Huang,
1997). We conduct separate Granger causality tests to investigate
the relationships between our dependent variable ConvertedLand
and each of the three county-level socioeconomic variables, Lan-
dRentRatio, UrbWage, and Agrilnvest. Each round of test follows the
same procedure. For simplicity, here we denote Y for ConvertedLand
and X for LandRentRatio, UrbWage, or Agrilnvest. Because the data
panel contains only three periods, we can only include one lag in
the Granger causality test. First, we estimate arestricted multi-level
model for Y as a function of its lagged values.

Yijie = Bo + B1Yije—1 + @Zr_1 + ugjj + voj + Eije (6)

In Eq. (6), Z includes all the variables used in estimating Eq. (5)
except X and Y. All indices are the same as previous notations. ug;,
vg;, and &, are the three random terms defined earlier. 8o, 81, and o
are parameters to be estimated. Next, we estimate an unrestricted
multi-level model for Y as a function of its lagged values and the
lagged values of X.

Yiie = Bo + B1Yije—1 + B3Xije—1 + aZe_1 + Ugij + voj + Ejje (7)

Finally, we use an F-test to test the null hypothesis: 83 =0
If B3 = 0 is not rejected, lagged X values provide statistically sig-
nificant information about future values of Y beyond information
contained by lagged values of Y and Z; otherwise, rejecting the null

hypothesis 83 = 0 means that lagged X values provide statistically
significant information about future values of Y beyond informa-
tion contained by lagged values of Y and Z. In this case, X is said to
Granger-cause Y.

The reverse relationship from Y to X is tested in the similar fash-
ion. A restricted multi-level model (Eq. (8)) and an unrestricted
multi-level model (Eq. (9)) are estimated, followed by a F-test with
the purpose of examining the null hypothesis of 83 = 0. Rejecting
the null hypothesis indicates that Y Granger-causes X.

Xijt = Bo + B1Xijr—1 + Ze_1 + Ugjj + Voj + Ejjt (8)

Xijt = Bo + B1Xije—1 + B3Yijr—1 + aZi_1 + Ugjj + vo; + Eijt (9)
5. Results and discussion

We use the three-level nested random intercept model specified
in Eq. (5) to estimate models of the conversion of agricultural land
to urban areas for 246 urban hotspot counties across 25 provinces.
Table 3 displays the estimation results of four multi-level mod-
els, with different sets of explanatory variables incorporated. It
is expected that a proportion of the variance associated with
the base model will be captured by the added predictors, as
more information is incorporated for estimating the multi-level
model.

In all of the four models, the random effects at both county
level and province level are significant. As expected, the vari-
ances of the two higher level random terms, namely the variance
of between-county intercepts o2 and the variance of between-
province intercepts o2, generally decrease from Model1 to Model
4 (except o2 in Model 3). Most of the decline in variances of the
two random effects can be attributed to the amount of variability
that is accounted for by sequentially including additional predic-
tors. The intraclass correlation coefficients pg, oy, and p, in Model
1 suggest that 58% of the total variance is attributable to the varia-
tion within counties, 30% to the variation between counties in the
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same province and 12% to the variation between provinces. This
shows a considerable degree of clustering in terms of the outcome
of agricultural-urban land conversion at all three levels. Despite
the differences in the value of the intraclass correlation coefficients
between the four models, there is evidence of clustering at the two
higher administrative levels. We therefore conclude that two ran-
dom intercepts are required to adequately represent the nested
nature of the underlying processes.

There are three groups of fixed effects estimated from the multi-
level models: a set of socioeconomic variables at the county level,
a set of time-invariant biophysical factors at the county level, and
a set of socioeconomic variables at the province level. In all four
models, the time trends show up in a nonlinear fashion, as shown by
the statistically significant negative coefficient estimate of Year and
the significant positive coefficient estimate of Year?. This suggests
that over time, the urban expansion placed increasingly less pres-
sure on cultivated land conversion in urban hotspot counties. This
is expected. After the mid-1990s, the national government enacted
various land regulations which many scholars claim to have slowed
down the rate of cultivated land conversion (Liu et al., 2005; Tan, Li,
& Lu, 2005). For example, in 1998, the central government revised
the Land Management Ordinance, intended to strengthen farmland
protection (Lin & Ho, 2005).

Each of the socioeconomic variables at the county level con-
tributes significantly to the amount of conversion of cultivated land
to urban uses. The signs on these coefficients are consistent and the
differences in their magnitudes are minor, even when more predic-
tors are added into the model. We then use the full model (Model 4),
the most comprehensive one, to illustrate the effect of each variable
within the group. LandRentRatio, a proxy of the ratio of agricultural
land rent relative to urban land rent in a county, is negatively cor-
related with the urban conversion of cultivated land. This indicates
that it may be less desirable to convert land to urban uses if the
returns to agricultural uses are high. This result conforms to the
prediction of the bid-rent model. However, we need to be cautious
for this interpretation given that the land leasing market in China
is highly immature and the proxy that we use can only roughly
capture the information about land rents. The coefficient estimate
associated with Log(UrbWage) has a positive coefficient. Since this
coefficient represents elasticity, the value estimated in Model 4
indicates that as urban wages rise by 10%, the area of cultivated
land converted into urban land increases by 3.08%. This is reason-
able because when wages increase in non-agricultural sectors, the
opportunity costs of farming increase, which can lead to farmland
abandonment and a higher risk of the conversion of farmland into
non-agricultural uses. Contrary to our expectations, the effect of
Log(Agrilnvest) on cultivated land conversion is positive. The goal of
agricultural investments is to increase agricultural productivity and
to keep farmland in agricultural production. However, our results
suggest that there is a policy failure: agricultural investments lead
to cultivated land conversion in urban hotspot counties. There are
two explanations for this. First, agricultural investments essentially
subsidize agricultural production. These investments do target the
most productive cultivated lands; they are available to all farmers.
Therefore, some farmland that is less productive than others may be
converted to urban uses while the most productive farmland—now
even more profitable with the agricultural investments—remains in
production. Another reason why agricultural investments lead to
cultivated land conversion is that the profits from the increase in
agricultural productivity are still lower than the profits that could
be earned from leasing or selling the cultivated land for commer-
cial, industrial, or residential uses. The policy failure identified by
our model conforms to the empirical evidence shown by most case
studies in eastern China, while the case studies in middle China are
on the opposite: the increase in agricultural input leads to farmland
expansion.

Table 4
Causal relationships identified by Granger causality test.

LandRentRatio — ConvertedLand
ConvertedLand — LandRentRatio
UrbWage — ConvertedLand
Agrilnvest — ConvertedLand

We include a group of biophysical variables at the county
level in Model 3 and Model 4. These variables do not change over
time and are used as controls for cross-county heterogeneities
due to geographic and climatic factors. Three variables in this
group have significant coefficients in both models and the signs
are stable. Log(DistPCapit) is negatively correlated with cultivated
land conversion, indicating that counties closer to the provincial
capital, the administrative, economic and transportation center
of a province, are more prone to cultivated land loss as a result of
urban expansion. Proximity to the provincial capital is associated
with many locational advantages: good transportation and infras-
tructure, better market access, and better labor market, all of which
matter for urban development. PlainRatio and Log(Temperature)
are positively related to the amount of cultivated land conversion.
We expect that counties with flatter terrain and warmer climates
will experience more urban conversion of cultivated land. Most of
China’s cultivated land concentrates in the South, which is both
relatively warmer and flatter than the rest of the country. These
plains and deltaic regions are highly suitable for agriculture but
also among the first places to urbanize due to the concentration
of people and economies. Moreover, generally areas with good
terrain and climate conditions are more attractive to overseas
investors, who consider environmental amenities when deter-
mining where to allocate their investments (Zheng, Kahn, & Liu,
2010). Log(Elevation) is positively correlated with cultivated land
conversion in both models but the correlation is only significant
in Model 4. Log(Precipitation) demonstrates negative correlations
with the dependent variable in both models but none of them are
significant.

Other than the previously mentioned explanatory variables, a
group of socioeconomic variables at the province level is added
to Model 4. They provide contextual information about regional
economic conditions, and hence facilitate our understanding about
how regional factors affect urban expansion and cultivated land
loss at the local level in urban hotspot counties. This entire group
of factors is significantly correlated with the urban conversion of
cultivated land. Log(GDP_p) has a nonlinear effect on cultivated land
loss, with a negative coefficient for the squared term but a positive
coefficient for the root term. This means that counties in provinces
with a higher GDP tend to experience more cultivated land loss
due to urbanization but the rate of conversion declines as GDP
increases. The peak rate of the impact of provincial GDP on land
conversion occurs at GDP=65.7 (billion yuan). Since GDP is also a
measure of income, the result indicates that compared to less devel-
oped regions, more developed regions are more likely to urbanize.
Similar to the effect of local urban wages, average urban wages at
the provincial level have a positive effect on cultivated land loss,
as shown by the positive coefficient estimate of Log(UrbWage_p).
This suggests that the effect of higher urban wages and resulting
higher opportunity costs of farming exists both at the local and
the regional levels. With the declining importance of urban resi-
dency status, the rise in labor mobility enables agricultural labors
to pursue non-agricultural activities, which is also an important
factor for farmland abandonment. As expected, Log(FDI_p) has a
positive impact on local cultivated land conversion. Specifically,
a 10% increase in the foreign direct investment for a province is
associated with a 2.38% increase in the amount of cultivated land
converted in a county within the province. This is consistent with
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Table 5

Decomposition analysis of the county-level determinants of land conversion, 1989-2000.

Variables (a) Estimated parameter

in variables (%)

(b) Percentage changes

(c) Impact on (d) Contribution (%)

converted land area (%)

LandRentRatio —0.705 -0.11
UrbWage 0.308 1.17
Agrilnvest 0.063 0.59
ConvertedLand 0.57

0.078 0.137
0.360 0.632
0.037 0.065

1

Note: Column a represents the coefficient estimate of each variable based on Model 4. Column b corresponds to the change in percentage of the mean of each variable between
1989 and 2000 (except that change in ratio is calculated for LandRentRatio). Multiplying Column a and Column b for each variable arrives at Column c. The contribution of
each variable to the change in converted land area in Column d is derived by dividing each element in Column c by the percentage change in ConvertedLand (0.57).

the well-documented role of foreign direct investment in fund-
ing the construction of large infrastructure and real estate projects
(Broadman & Sun, 1997).

One caveat that bears noting is the potential that spatial auto-
correlation is biasing the estimates of the standard errors and
coefficients. To explore this, we calculated Moran'’s I statistic for
each period of the data and obtained values of 0.33, 0.24 and 0.36,
indicating significant spatial correlation for all three periods. Next,
we examined how the spatial autocorrelation will affect the esti-
mation results of our model by including the spatial lag of the
dependent variable (Weight x log of converted land) as an extra
explanatory variable, re-estimating the model, and comparing the
results from the new and original models. This comparison illus-
trates that our original estimation results are robust. For example,
for Table 3, all the coefficient estimates maintain their signs and
only one of them becomes insignificant. The comparison between
the original and new models provides some assurance that the
problem of spatial dependence does not jeopardize our estimation
results. Nevertheless, this is an issue that may warrant additional
exploration in future research.

The results of the Granger causality test provide evidence
about the causal relationships between each of the county-level
socioeconomic predictors and the response (Table 4). Based on
the 95% significance level for the F-test (p<0.05), all of the
three tested predictors—the land rent ratio between agriculture
and urban areas, urban wages, and agricultural investments per
capita—Granger cause the conversion of cultivated land to urban
areas. The area of converted land appears to Granger cause the
land rent ratio, but not the other two predictors. The test results
also show that there are certain level of dynamics and interactions
between the relative land rent and the urban development and cul-
tivated land conversion. As a consequence, a relative higher urban
land rent stimulates more cultivated land conversion, which in turn
can result in a further rise of the urban land rent of this area. This
is not surprising. No matter what its form, new urban develop-
ment typically occurs near existing urban areas. This is likely to
be peripheral development that is continuous to the urban core
or leapfrog and peri-urban development near existing cities. The
boosting feedback mechanism between urban land rent and urban
development determines that farmland near existing urban areas
is the place first at risk for being converted.

We further explore the estimation results in order to derive
more information on the ranking of the importance of the county-
level socioeconomic variables in determining the urban conversion
of cultivated land. Approaches from previous work that studies
the determinants of the spatial scale of cities include ranking the
importance of factors according to the size of their elasticities
(Brueckner & Fansler, 1983; McGrath, 2005) and decomposition
analysis (Deng et al., 2008). Elasticities are measurements of the
marginal effects and they show the percentage change in Y associ-
ated with a percentage change in X. Nevertheless, using elasticities
as indicators of the importance of factors can be misleading consid-
ering the fact that X may be less relevant to the change in Y if
X changes very little over the period when the change in Y is

measured, even if the elasticity of Y relative to X is large. There-
fore, we implement the decomposition analysis which accounts for
both the size of the marginal effects and the size of the change
of the predictors to rank the importance of factors. The results
of the decomposition analysis (Table 5) based on the estimation
results of Model 4 display the relative importance of the three
county-level socioeconomic variables on the urban conversion of
cultivated land. In spite of the different signs associated with the
marginal effects of the three predictors, their total effects, which
incorporate the changes in the predictors, are all positive. The
urban wages is the most important factor and it explains 63.2%
of the cultivated land conversion due to urban expansion. Without
the involvement of other factors, the converted land area would
have increased by 36% with the 117% increase of urban wages. The
land rent ratio exerts less but still substantial influence, account-
ing for 13.7% of the cultivated land conversion, while the total
impact of agricultural investments is quite small. As a consequence,
urban wages and land rent ratio, jointly explaining 77% of the
urban land expansion, have been identified as two most influential
factors.

6. Conclusion

In this paper, we used multi-level modeling techniques to exam-
ine the socioeconomic and policy factors across multiple scales
that drive the urban conversion of cultivated land in urban hotspot
counties. Our results show that at the county level, both urban
land rent and urban wages are essential factors that cause the
conversion of cultivated land. Contrary to expectations, agricul-
tural investment drives farmland conversion, suggesting a policy
failure associated with its performance. At the provincial level,
urban wages and foreign direct investments both positively con-
tribute to urban development and cultivated land loss. We also
find that higher GDP is correlated with more urban land expansion
but that the relationship is nonlinear. Finally, the Granger causal-
ity test identifies an interrelationship between the land rent ratio
of agriculture and urban uses and cultivated land conversion. The
decomposition analysis illustrates that overall urban wages and
land rent ratio are most important in explaining the cultivated land
conversion due to urban expansion.

China’s urban planning and urban development have become
increasingly decentralized and unstructured. The multi-level
model allows us to take account of this new trend of urbaniza-
tion and test differences in urban planning policies and urban
land prices across regions. Moreover, our results reveal the rela-
tive importance of local versus regional socioeconomic factors on
urban expansion. Overall local factors (land rents, urban wages,
and agricultural investments) play a dominant role in determin-
ing urban expansion. They can be viewed as proximate drivers
that are immediately responsible for the observed urban land-use
change. Regional factors (GDP, urban wages, and foreign direct
investments) also significantly affect urban expansion, although
the trajectories by which they exert the influence are not com-
pletely clear. Further, local land users have less control power



L. Jiang et al. / Landscape and Urban Planning 108 (2012) 131-139 139

over those higher-level factors that are generally exogenous to the
micro-environment of local land users. Our study also sheds some
light on the control of future urban expansion and cultivated land
loss in urban hotspot counties. The negative effect of relative land
rent ratio indicates that it will be less desirable to convert land to
urban uses if the returns to agricultural uses are high. In this case,
an agricultural subsidy, with the purpose of raising the returns to
cultivated land, may be an option for slowing the land conversion.
However, our results also suggest that both the strength of this sub-
sidy and the effective allocation and management of the funds are
important for the success of the policy.
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