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With the rapid and unbalanced development of industry, a large amount of cultivated land is converted into industrial land with
lower efficiency. The existing research is extensively concerned with industrial land use and industrial development in isolation,
but little attention has been paid to the relationship between them. To help address this gap, the paper creates a new efficiency
measure method for industrial land use combining Subvector Data Envelope Analysis (DEA) with spatial analysis approach. The
proposed model has been verified by using the industrial land use data of 30 Chinese provinces from 2001 to 2013. The spatial
autocorrelation relationship between industrial development and industrial land use efficiency is explored. Furthermore, this paper
examines the effects of industrial development on industrial land use efficiency by spatial panel data model. The results indicate
that the industrial land use efficiency and the industrial development level in the provinces of eastern region are higher than those
of the western region. The spatial distribution of industrial land use efficiency shows remarkable positive spatial autocorrelation.
However, the level of industrial development has obvious negative spatial autocorrelation since 2009.The improvement of industrial
development has a significant positive impact on the industrial land use efficiency.

1. Introduction

China’s economy steps into the “new normal” phase after
transforming itself from an agricultural power to an indus-
trial power. Industrial development has entered a stage of
accelerated transformation and upgrading, which plays an
important role in the growth of China’s economy in the stage
of rapid urbanization during the past thirty years [1, 2]. Along
with it, the industrial land continues to expand and will con-
tinue to grow in the next period of time [3–5]. Land used for
state-owned construction exceeded 6,000 km2 per year and
the proportion of industrial land surpassed 20% from 2012
to 2014 [6]. In most cities in China, the urban expansion is
associatedwith the changes ofChina’s economic structure [7],
especially the industrial economic structure. The proportion
of industrial land has already exceeded the reasonable pro-
portion, leading to the imbalance of urban land use structure
[8]. Although the proportion of industrial land declines

in some large cities such as Beijing and Nanjing, in fact,
industrial land gradually shifts to the subcenters of the city.
Industrial land still plays an important role in the economic
development [9–11].What is more, due to the different indus-
trial development level in various regions, there is an obvious
difference between regions in industrial land use efficiency.
Therefore, it is of great importance to study the impact of
industrial development and regional relations on industrial
land use efficiency. In addition, efforts should be made to
push for the intensive use of industrial land, which should al-
leviate problem in China’s industrial development and inhibit
the inefficient expansion of industrial land.

Many researchers have analyzed theoretically the indus-
trial land use. The current industrial land system has exerted
a significantly positive effect on the development of China’s
industry and economy, and the influence of China’s eastern
coastal areas is more obvious [12]. Also, the influence of rural
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industrialization on the development of industrial economy
can not be ignored [13]. The industrial land market is an
outcome of planned economy color [14–16]. The supply of
industrial land with low land price has become one of the
cores of industrial land use system [17]. At the same time,
there are various preferential policies to encourage large-scale
construction of industrial development zones [18, 19]. The
policy combination reduces the production costs of industrial
enterprises, accelerates the agglomeration and development
of industrial enterprises, and provides an impetus to constant
revenue and economic development for central and local gov-
ernments. The combination of national development strate-
gies and regional land use policies also plays an important
role in industrial land expansion [20]. Actually, there is no
doubt that these policies lead to some problems, such as the
continuous expansion, space imbalance, and inefficient use of
industrial land. Industrial land volume rate is generally only
0.3–0.6, far below the average level of 1.0 in developed coun-
tries, and the output of industrial land is also prominently
low. Due to the increasing restriction of land resources, the
improvement of land use efficiency will be a crucial issue for
China to enter into its economic new normal and achieve
sustainable development [21, 22].

Some conclusions about the industrial economy of China
can be drawn from existing research. The industrial develop-
ment in China shows a gradient tendency with the economic
scale and output showing a gradual decline for industries
from eastern China to western China. Definitely, in the con-
text of division and adjustment for international and domes-
tic industries as well as the rapid shift from the eastern coastal
regions in China to the central and western regions, it is
expected that the central and western regions take industry
development as a breakthrough point, realize the rapid
development of their own economy, and narrow the econom-
ic gap with the eastern region [23]. The industrial model of
China is concentration, specialization, and cluster develop-
ment. The regions with higher level of industrial specializa-
tion have a faster industrial development level. Besides, the
development in clustered areas is faster than that in non-
clustered areas [24, 25]. Industrial agglomeration has a signif-
icant impact on enhancing the competitiveness of hinterland
development and forming metropolitan area [26]. Although
the industrial clusters can accelerate the process of industrial-
ization, the impact of various types of industrial on the indus-
trialization process is different [27]. Meanwhile, high-tech
industry plays a positive role in promoting industrial upgrad-
ing and industrialization [28]. In addition, foreign direct
investment has a direct impact on the development of China’s
industrial economy and has obvious regional differences [22,
25, 29]. Therefore, the gap in industrial development has
directly affected the industrial land use efficiency in different
regions of China [30–32].

Based on the above analysis, we can find that the use and
management ofChina’s construction landhave planned econ-
omy color to some extent. While the marketization in com-
mercial and residential land supply has been achieved, the
industrial landmarket is still undergoing a slow development
and suffering from low efficiency, which is closely related to
the industrial development of China. However, investigating

the interactive relationship between China’s industrial devel-
opment and the utilization efficiency of industrial land is
rare. Traditional method of industrialization division can
comprehensively measure the economic development from
industry, economy, and population [33], but it can be weak
in highlighting the characteristics of industrial development.
Also, existing related studies can not well analyze regional
differences in industrial land use efficiency. In fact, the
industrial development of China shows significant regional
differences, interregional competition, and cooperation. It is
critical to explore the internal rules of industrial development
as well as its effect on the efficiency of China’s industrial land
use by spatial analysismethod.Therefore, this papermeasures
industrial land use efficiency and analyzes the spatial relation-
ship between industrial development level and industrial land
use efficiency. Finally, three indicators of industrial develop-
ment level are used to measure industrial development in
different provinces based on spatial analysis method, so as to
provide theoretical basis for the improvement of industrial
land use efficiency and the coordination of industrial devel-
opment.

The remainder of this paper is organized as follows.
Section 2 describes the methodologies of Subvector DEA
model, evaluation index of industrial development level, and
spatial measurement model. Data is also presented in this
section. Section 3 presents the results. And the conclusions
are summarized in Section 4.

2. Method and Data

2.1. Subvector DEA Model. The use of DEA model can help
measure the efficiency of production technology from the
perspective of manufacturers (enterprises or farmers) with
the basic principle that the actual production point of the
producer deviates from the production possibility boundary,
resulting in the loss in efficiency. The inefficiency of pro-
duction technology is generally attributed to the inefficient
management which involves a variety of elements manage-
ment of production inputs. Differences in the management
objectives of different production factors will lead to the
differences in the efficiency of different factors. However, it
is difficult to determine which inefficient management of
production factors leads to low technical efficiency from the
perspective of inefficient producer technology which mainly
results in the inefficiency of technology [34].The efficiency of
industrial land used in this paper is to analyze the adequacy
of industrial land use under the condition that the output and
other production input factors are unchanged.Therefore, the
industrial land use efficiency is analyzed by Subvector DEA
method [35].

Based on regional differences in industrial production,
each province in China is considered as an industrial pro-
duction decision-making unit (DMU), and the production
is of the same kind in each province with the same kind of
input. Assuming that there are𝑁 decision units and that each
decision unit has 𝐾 kinds of input and 𝑀 kinds of outputs,
for decision unit 𝑖, the column vectors 𝑥𝑖 and 𝑦𝑖 are used
to denote the input and output, respectively. For all the 𝑁
decision units,𝑋 is used to denote a𝐾 ×𝑁 input matrix and
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𝑌 is𝑀×𝑁 output matrix. 𝜃𝑔𝑖 denotes the variables of scores
of industrial land use efficiency (ILE) in province 𝑖.The result
can be obtained by solving the following linear programming
model:

ILE𝑖 = min
𝜃,𝜆

𝜃
𝑔
𝑖

s.t. − 𝑦𝑖 + 𝑌𝜆 ≥ 0

𝜃
𝑔
𝑖 𝑥
𝑔
𝑖 − 𝑋𝑔𝜆 ≥ 0

𝑥
𝑛−𝑔
𝑖 − 𝑋𝑛−𝑔𝜆 ≥ 0

𝑁1𝜆 = 1

𝜆 ≥ 0.

(1)

According to the first constraint condition, the output of
the decision unit 𝑖 should not be larger than that of the deci-
sion-making unit on the production frontier. Under the sec-
ond constraint condition, matrix 𝑥𝑔𝑖 andmatrix𝑋𝑔 only refer
to the input of industrial land use. In the third constraint con-
dition, matrix 𝑥𝑛−𝑔𝑖 and matrix 𝑋𝑛−𝑔 refer to other input fac-
tors in addition to industrial land.The fourth constraint con-
dition is a convex constraint, which indicates that themodel is
variable returns to scale (VRS). In fact, this model is constant
returns to scale (CRS) when there is no convex constraint.
Based on the first three constraint conditions, the efficiency of
a single industrial production factor is figured out on the
condition of current technical level and the output and other
input elements unchanged. 𝜆 is a vector of constants. 𝜃𝑔𝑖 is
dimensionless with the range from 0 to 1. When 𝜃

𝑔
𝑖 = 1,

the province 𝑖 is at the production frontiers, which is the
effective point of production on the condition that output as
well as industrial land input is not reduced.When 𝜃

𝑔
𝑖 ̸= 1, the

province 𝑖 is not at the production frontiers and the efficiency
of industrial land use reaches zero. Theoretically, there is a
possibility that the land can be saved.

2.2.MeasurementMethod of Industrial Development. In order
to reflect the core attributes of industrial development level,
economic development of the industry, quality of industrial
development, and specialization level of the industry are
selected to represent industrial development level (IDL).
Correspondingly, IOVP, HTP, and ISD are used as quantita-
tive variables to indicate industrial development. The IDL is
figured out by adding the three figures based on their weight.
Among them, IOVP is the proportion of industrial added
value accounted for in regional GDP in different provinces;
HTP denotes the total value of high-tech industry with the
proportion of different sectors of manufacturing industry in
different provinces, as well as the total proportion it accounts
for in manufacturing of different provinces. The high-tech
industry mainly covers six categories including medical
manufacturing, aircraft, spacecraft, and related equipment
manufacturing, electronic and communication equipment
manufacturing, computer and office equipment manufactur-
ing, medical equipment andmeasuring instrumentmanufac-
turing, and electronic chemical manufacturing. IDE refers to
the total output value of the leading sectors in manufacturing

as well as its proportion in the manufacturing sector. The top
seven industries were selected as the leading industries in
manufacturing. The calculation formula of IDE is as follows:

IDL = IOVP × 𝛼 +HTP × 𝛽 + ISD × 𝛾, (2)

where 𝛼, 𝛽, and 𝛾 refer to index weight. In this paper, the
Delphi method is used to determine the weight of the index.
The scoring team is composed of ten experts in the related
research fields from College of Economics and Management
of Northwest A&F University, Faculty of Geographical Sci-
ence of Beijing Normal University, and College of Public
Administration of Nanjing Agricultural University. After
three rounds of opinion collection and feedback, it finally
obtains 𝛼 = 0.449, 𝛽 = 0.347, and 𝛾 = 0.204.

2.3. Spatial Panel Data Model

2.3.1. Basic Form of the Model. The basic idea of the spatial
panel metrology model is to study the neighbor in the unit
space with the spatial definition of weight matrix and to
study the neighbor time with the definition of time-delay.
The two basic spatial norm coefficients’ regression model
includes the spatial lag model (SLM) and spatial error model
(SEM), based on which Lesage and Elhorst developed Spatial
Durbin Model (Spatial Durbin Model) [36–38]. Meanwhile,
endogenous variables and exogenous variables with spatial
hysteresis were also included. The basic forms of three type
of models are as follows.

(1) Spatial Lag Model (SLM)

𝑦 = 𝜌𝑊𝑦 + 𝑋𝛽 + 𝜀, (3)

where 𝑦 represents the dependent variable and 𝑋 is an
exogenous explanatory variable matrix for 𝑛 × 𝑘. 𝛽 denotes
the explanatory coefficient. 𝜌 represents the spatial regression
correlation coefficient and 𝑊 is an adjacency weight matrix
of 𝑛 × 𝑛 order spaces. 𝑊𝑦 means the spatial lag dependent
variable, which is used to measure the spatial spillover
effects of neighbor in geographical space. 𝜀 represents the
random error term vector. Equation (3) is also called Spatial
Autoregressive Model (SAR).

(2) Spatial Error Model (SEM)

𝑦 = 𝑋𝛽 + 𝜀, 𝜀 = 𝜆𝑊𝜀 + 𝜇, (4)

where 𝜀 represents the random error term vector and 𝜆
represents the spatial error coefficient of the variable vector of
𝑛 × 1. Besides, 𝜇 is the random error term vector that follows
the normal distribution. The formula is used to measure the
spatial dependence of sample observations.

(3) Spatial Durbin Model (SDM)

𝑦 = 𝜌𝑊𝑦 + 𝑋𝛽 +𝑊𝑋𝜃 + 𝜀. (5)
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Compared with (3), (5) contains both the spatial lag of the
dependent variable and the space lag of independent vari-
ables.

The selection of the three models above is mainly based
on the test of Wald, which means if the 𝑃 values of Wald
spatial lag and Wald spatial error are significant, then SDM
is applicable; if the value of Wald spatial lag is insignifi-
cant while the value of LM-lag is significant, then SLM is
applicable; if the value of Wald spatial lag is insignificant
while the value of LM-error is significant, then SEM is
applicable. However, once one of the conditions is not met,
for instance, Wald spatial error value is not significant, LM-
error value is not significant either, and the two models point
to the contrary, then SDM is applicable, which contains the
information of SLM and SEM [39, 40].

2.3.2. Selection of Variables. In order to examine the impact
of industrial development on industrial land use efficiency,
industrial output value proportion (IOVP), high technology
industry output proportion (HTP), and industrial special-
ization index (ISD) are chosen as the explanatory variables.
GPRR, BMP, FNP, and other factors are included as the con-
trol variable from themacro perspective.The level of regional
economic development (GPRR), denoted by GDP per capita
(104 yuan), is the ratio of GDP to the resident population at
the end of the year in each province. The annual production
value of the region shall be converted to the price level in
2001.The scale of business enterprise (BMP) is denoted by the
proportion of the profits of industrial enterprises above desig-
nated size to gross output value of industries above designated
size. The ownership structure of industrial enterprises (FNP)
is denoted by the proportion of the number of foreign, Hong
Kong, Macao, and Taiwan invested industrial enterprises to
the number of industrial enterprises above designated size.

2.4. Data Source. Because the data of Hong Kong, Macao,
Taiwan, and Tibet are difficult to obtain, this paper only
chooses 30 provinces in China as decision-making units for
industrial productionwhenmeasuring the industrial land use
efficiency. Industrial land area (G), labor force scale (L), and
fixed capital stock (K) are variables for industrial production
input, while industrial output (Y) is a variable for industrial
production output. The data of industrial output, number
of employees, fixed capital stock, and industrial land area
in each province come from Statistical Yearbook of China’s
Cities (2002–2014), Statistical Yearbook of China’s Urban
Construction (2001–2013), and Statistics Yearbook of China’s
Regional Economy (2002–2014).

When calculating the proportion of industrial output
value (IOVP), proportion of high-tech industry output value
(HTP) and industrial specialization index (ISD) as well as
the regional economic growth (GPRR), scales of industrial
enterprises (BMP and FNP) are collected from the Statis-
tical Yearbook of China (2002–2014), Statistical Yearbook
of China’s High-Tech Industry (2002–2014), and Statistical
Yearbook of China’s Provinces (2002–2014).

3. Results and Discussion

3.1. The Efficiency of Industrial Land Use. This paper focuses
on the comprehensive technical efficiency of industrial land

use by using GAMS 22.0 and selects CRS model as the calcu-
lation model to figure out the industrial land use efficiency.
Figure 1 shows industrial land use efficiency in 2001, 2005,
2009, and 2013. The highest efficiency is of Guangdong and
Tianjin from 2001 to 2013. There is virtually no existence of
land investment redundancy in the two provinces. Shanghai,
Zhejiang, Jiangsu, Fujian, and other eastern coastal provinces
are at the production frontier and the industrial land use
efficiency is relatively high in several years. The efficiency
of provinces in central and western China is relatively low,
especially the provinces in the northwestern, namely, Ningxia
and Qinghai, where the industrial land use efficiency is the
lowest. This may be due to the insufficient productivity and
excessive land input.

From the perspective of sequential variation, industrial
land use efficiency in China from 2001 to 2013 has not shown
a gradual state of equilibrium. There emerges an increasing
trend that the provinces of eastern coastal provinces are
becoming more and more efficient in industrial land use,
especially in the land use in the region of Bohai rim, Yangtze
River Delta, and Pearl River Delta. In the central and western
regions, the efficient industrial land use only in Chengdu
and Chongqing provinces is gradually stable and efficient.
This is because, for one thing, based on the existing urban
construction land management system, there are a high land
development intensity and a relatively small supply of indus-
trial land in the eastern coastal provinces; for another, the
highest level of industrial structure and relatively high pro-
ductivity as well as the improving policies, namely, land use
threshold, supervision, and management mechanism, are all
the impetus for this achievement. However, the construction
land area of the central and western provinces is relatively
small, and the industrial land area is increasing faster than
the increase of its industrial output capacity. At the same
time, these provinces have lower level of industrial structure
and larger land consumption per unit output. Only under
the strict control of land supply and constantly improving
the level of industrial development and quality, in order
to achieve the sustainable utilization of industrial land, the
sustainable use of industrial land can be achieved only
through strictly controlling land supply and improving the
level and quality of industrial development.

3.2. The Level of Industrial Development. Figure 2 shows
industrial development level of China in the years of 2001,
2005, 2009, and 2013. Generally speaking, the level of China’s
industrial development is increasing during the period. The
degree of equilibrium increases continuously from the east-
ern coast to the central and western regions. Coastal provin-
ces and cities including Guangzhou, Tianjin, and Jiangsu
ranked the first in industrial development, while the develop-
ment level in Hainan, Hunan, and Guangxi is relatively low.

Judging from the changes in different provinces, one can
easily draw a conclusion that the distribution of industrial
development in China shows a tendency of decline in the
eastern coastal provinces and a tendency of increase in
the central and western provinces. The provinces with high
industrial development levels in 2001 were mainly concen-
trated in the eastern regions, including Bohai RimRegion, the
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Figure 1: Industrial land use efficiency of 2001 (a), 2005 (b), 2009 (c), and 2013 (d).

Yangtze RiverDelta Region, and the Pearl RiverDelta Region.
In 2013, provinces with high industrial development levels
are mainly concentrated in the central and western regions.
This is due to the implementation of “Guiding Opinions of

the State Council on Central and Western Regions Under-
taking of Industrial Transfer.” In the context of industrial
transformation and upgrading, the third industries in the
eastern provinces have developed rapidly, and the proportion
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Figure 2: Industrial development level of 2001 (a), 2005 (b), 2009 (c), and 2013 (d).

of the second industries has gradually declined. Despite
the continuous industrial development in provinces of the
central, western, and northeastern region, the proportion
of high-tech enterprises is still relatively low. Most of the

industries in these regions are the low-end manufacturing
industries that have been turned out and restricted in the
eastern region. With the implementation of policies such
as the industrial transformation and upgrading and shifting
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from labor-intensive industry to service economy, the driving
role of industrial development in the surrounding provinces
is weakening. Therefore, more support should be given to
improve the undertaking capacity of industries in the central
and western region of China, such as the rise of central China
and revitalization of northeast old industrial base. Actually,
the central and western provinces should also continuously
make efforts to increase research and technological import,
narrow the industrial gap with the eastern coastal provinces,
and achieve sustainable industrial development.

3.3. Analysis of Global Spatial Autocorrelation. Moran’s I of
ILE, IDL, IOVP, HTP, and ISD is shown in Table 1, which is
calculated by Geoda 1.8.The value range ofMoran is between
−1 and 1.Thebigger the absolute value is, the higher the degree
of industrial development correlation or industrial land use
efficiency between different provinces and spatial autocor-
relation is. Moran’s I is positive, which means there exists
positive spatial autocorrelation of the economic phenomena.
Moran’s I is negative, indicating that the spatial autocorrela-
tion is negative. When Moran’s I is zero, it presents a random
spatial layout and is unrelated.

Moran’s I of industrial land use efficiency is positive and
statistically significant at 5% and 1% level from 2001 to 2013,
indicating that an obvious positive autocorrelation in spatial
distribution of industrial land use efficiency and every prov-
ince is significantly affected by the neighboring provinces.
From the overall development trend, spatial autocorrelation
in industrial land use efficiency in each province shows a ten-
dency that increased firstly and then decreased after stability.
The spatial autocorrelation of industrial land use efficiency
shows an increasing trend in each province from 2001 to
2004, and Moran’s I increases from 0.2119 to 0.4043. During
this period, it shows a rapid expansion of industrial land
in China and a rectification of development zones. Both
the rapid development of industrial economy and timely
macro-control of land had positive effect on the promotion
and balanced development of industrial land use efficiency.
From 2005 to 2010, it exhibits a relatively stable trend
in all provinces despite occasional fluctuations of Moran’s
I between 0.3299 and 0.4074. China’s industrial economy
witnesses a continuing expansion and development during
this period. However, under the influence of a global eco-
nomic crisis, a large number of export-oriented industrial
enterprises have been seriously affected, causing relatively
obvious differences in industrial land use efficiency among
provinces in the short term. From 2011 to 2013, industrial land
use efficiency of each province shows a significant downward
trend and Moran’s I falls from 0.2879 to 0.1934. Since the
implementation of the “Twelfth Five-Year Plan,” industrial
transformation is accelerating in the eastern region. In
addition, the implementation of the strategy of central China’s
rise and the revitalization of the northeast old industrial
base and other regional industrial development strategies has
led to an increasingly obvious difference in the industrial
land use efficiency among different provinces. Furthermore,
the imbalance is tilt due to a continuing decline in prices
of energy and steel together with a prior heavy impact on
industrial economic structure in some central and western
provinces.

Moran’s I of the Industrial Development Level Index
(IDL) is negative and it does not pass the test with significance
level being 10% from 2002 to 2008. Therefore, we can not
determine the spatial correlation in industrial development
level among different provinces. However, it passes the test
at 5% significance level from 2009 to 2013; that is, the level
of industrial development shows significant spatial negative
correlation among provinces.

Judging from the value and significance degree ofMoran’s
I, although regional differences exist in China’s industrial
development, there are no significant differences between
adjacent areas, especially in advanced industrial provinces
and their neighboring provinces before 2009. However,
after 2009, with the accelerated development of modern
manufacturing, high-tech industry, and other industries,
there emerges a significant Matthew effect between different
regions where industrially advanced provinces have a greater
advantage in terms of attracting investment and concentrat-
ing development, playing a negative role in the development
of its neighboring regions. It can also suggest that the
Matthew effect in the industrial development level among
different provinces is mainly attributed to the overall devel-
opment of the industry. Of course, there is no denying the
fact that industrial advanced areas have played a positive role
in the agglomeration development of leading industries and
the proliferation of high-tech industries in the neighboring
regions.

3.4. Analysis of Spatial Econometric

3.4.1. The Selection of the Model. Taking the industrial land
use efficiency (ILE) in 30 different provinces from 2001 to
2013 as the explanatory variables, this paper carries out the
ordinary least squares estimation and the model selection by
Matlab R2010a software.This research studies 30 provinces in
China as a whole. Therefore, there is no need to deduce the
overall property from the specific property of single province.
Fixed-effect model should be applied.

The estimated results of ordinary least squares and spatial
correlation test are showed in Table 2. It presents the fact
that the effect of model space fixation and time fixation
is significant from the LR-test statistics of spatial fixation
effect and the time fixation effect. Judging from the estimated
results of LM-lag, LM-error, Robust LM-lag, and Robust LM-
error, the SLMmodel ismore suitable than the SEMmodel. In
addition, the statistics of LM-lag and LM-error are significant
in the time fixed model and double fixed model. However, 𝑅2
of time fixed model is much larger than that in the double
fixed model, so the former model fitting is better.

The test results of the SDM model are showed in Table 3.
Both the values of Wald spatial lag and Wald spatial error
have passed the test at the significant level of 5% in the spatial
fixed model, time fixed model, and double fixed model,
indicating that the SDM model with three fixed effects is
suitable for the study of the factors affecting the utilization
efficiency of industrial land. However, the significant levels
of the Wald spatial lag and Wald spatial error with the time
fixed model are relatively high in model 2. Therefore, SDM
model is preferred in the paper in the estimation based on
the above test results.



8 Complexity

Table 1: Moran’s I of industrial land use efficiency and industrial development level.

Year ILE IDL IOVP ISD HTP
2001 0.212∗∗ (2.180) −0.186∗ (−1.265) −0.030 (0.108) 0.233∗∗ (2.136) 0.185∗∗ (2.026)

2002 0.221∗∗ (2.115) −0.157 (−1.101) −0.023 (0.142) 0.156∗ (1.703) 0.258∗∗ (2.454)

2003 0.373∗∗∗ (3.392) −0.120 (−0.726) −0.016 (0.225) 0.193∗∗ (1.905) 0.221∗∗ (2.208)
2004 0.404∗∗∗ (3.718) −0.110 (−0.644) −0.032 (0.074) 0.166∗∗ (1.687) 0.254∗∗ (2.354)

2005 0.323∗∗∗ (2.972) −0.078 (−0.414) −0.007 (0.254) 0.268∗∗ (2.501) 0.258∗∗ (2.510)

2006 0.252∗∗ (2.484) −0.081 (−0.422) −0.048 (−0.112) 0.237∗∗ (2.298) 0.274∗∗∗ (2.606)

2007 0.377∗∗∗ (3.483) −0.060 (−0.251) −0.032 (0.085) 0.163∗ (1.612) 0.220∗∗ (2.411)

2008 0.332∗∗∗ (3.206) −0.103 (−0.574) −0.055 (−0.216) 0.184∗∗ (1.811) 0.200∗∗ (2.110)

2009 0.325∗∗∗ (3.026) −0.225∗∗ (−1.625) −0.063 (−0.259) 0.179∗∗ (1.726) 0.203∗∗ (2.097)

2010 0.407∗∗∗ (3.786) −0.284∗∗∗ (−2.108) −0.041 (0.000) 0.217∗∗ (2.074) 0.235∗∗ (2.362)

2011 0.288∗∗ (2.752) −0.264∗∗ (−1.979) −0.011 (0.273) 0.137∗ (1.465) 0.222∗∗ (2.212)

2012 0.293∗∗∗ (2.745) −0.320∗∗∗ (−2.324) −0.033 (0.046) 0.333∗∗∗ (2.980) 0.266∗∗∗ (2.624)

2013 0.193∗∗ (2.004) −0.364∗∗∗ (−2.679) −0.040 (−0.036) 0.366∗∗∗ (3.200) 0.219∗∗ (2.225)

Note. (1) Numbers in parentheses are 𝑍 values; (2) ∗∗∗, ∗∗, and ∗ denote statistical significance at the levels of 1%, 5%, and 10%, respectively.

Table 2: Results of OLS estimation and spatial correlation testing.

Variable
Model 1

Variable
Model 2

Spatial
fixed

Time
fixed

Double
fixed

Spatial
fixed

Time
fixed

Double
fixed

IDL 0.722∗∗∗ 1.322∗∗∗ 1.348∗∗∗ IOVP 0.088 0.466∗∗∗ 0.197
HTP 1.121∗∗∗ 0.856∗∗∗ 1.131∗∗∗

ISD 0.369∗∗ 0.041 0.402∗∗

GPRR −0.008 0.115∗∗∗ 0.075∗∗∗ GPRR 0.011 0.087∗∗∗ 0.035∗

BMP 0.002 −0.154∗ −0.040 BMP −0.110 −0.042 −0.134

FNP 0.029 0.322∗∗∗ 0.068∗ FNP 0.036 0.267∗∗∗ 0.051
R2 0.033 0.656 0.106 R2 0.068 0.570 0.075
Durbin-Watson 1.887 2.270 2.073 Durbin-Watson 2.003 2.434 2.010
LM-lag 0.490 6.035∗∗ 6.579∗∗ LM-lag 0.232 4.098∗∗ 3.301∗∗

Robust LM-lag 0.520 1.012 2.961∗ Robust LM-lag 1.515 8.027∗∗∗ 0.980
LM-error 0.657 5.459∗∗ 9.513∗∗∗ LM-error 0.514 0.316 4.222∗∗

Robust LM-error 0.687 0.436 5.895∗∗ Robust LM-error 1.796 4.246∗∗ 1.900
Spatial fixation effect
LR-test 465.632∗∗∗

Spatial fixation
effect LR-test 372.976∗∗∗

Time fixation effect
LR-test 65.005∗∗∗

Time fixation effect
LR-test 24.480∗∗

Note. ∗∗∗, ∗∗, and ∗ denote statistical significance at the levels of 1%, 5%, and 10%, respectively.

Table 3: Wald test results of SDM.

Statistic
Model 1 Model 2

Spatial
fixation

Time
fixation

Double
fixation

Spatial
fixation

Time
fixation

Double
fixation

Wald spatial lag 30.025∗∗∗ 44.928∗∗∗ 19.337∗∗∗ 12.974∗∗ 103.449∗∗∗ 18.056∗∗∗

Wald spatial error 28.499∗∗∗ 43.220∗∗∗ 13.818∗∗∗ 12.594∗∗ 102.951∗∗∗ 16.109∗∗

Note. ∗∗∗, ∗∗, and ∗ denote statistical significance at the levels of 1%, 5%, and 10%, respectively.



Complexity 9

Table 4: Estimate results of time fixation effect space panel data model.

Variable Model 1 Variable Model 2
SLM SEM SDM SLM SEM SDM

IDL 1.530∗∗∗ 1.499∗∗∗ 1.373∗∗∗ IOVP 0.580∗∗∗ 0.514∗∗∗ 0.856∗∗∗

HTP 0.847∗∗∗ 0.789∗∗∗ 0.605∗∗∗

ISD 0.049 0.036 0.179∗

GPRR 0.108∗∗∗ 0.121∗∗∗ 0.122∗∗∗ GPRR 0.083∗∗∗ 0.091∗∗∗ 0.091∗∗∗

BMP −0.137 −0.145∗ −0.033 BMP −0.002 −0.024 −0.005

FNP 0.277∗∗∗ 0.259∗∗∗ 0.256∗∗∗ FNP 0.234∗∗∗ 0.257∗∗∗ 0.224∗∗∗

𝑊∗𝐼𝐷𝐿 −0.949∗∗ 𝑊∗𝐼𝑂𝑉𝑃 −1.005∗∗∗

𝑊∗𝐻𝑇𝑃 1.500∗∗∗

𝑊∗𝐼𝑆𝐷 0.551∗∗∗

𝑊∗𝐺𝑃𝑅𝑅 −0.086∗∗∗ 𝑊∗𝐺𝑃𝑅𝑅 −0.056∗∗

𝑊∗𝐵𝑀𝑃 0.050 𝑊∗𝐵𝑀𝑃 −0.379∗

𝑊∗𝐹𝑁𝑃 0.527∗∗∗ 𝑊∗𝐹𝑁𝑃 0.403∗∗∗

R2 0.666 0.658 0.701 𝑅2 0.580 0.574 0.668
Adj. 𝑅2 0.656 0.654 0.696 Adj. 𝑅2 0.574 0.570 0.663
Note. ∗∗∗, ∗∗, and ∗ denote statistical significance at the levels of 1%, 5%, and 10%, respectively.

3.4.2. Result of the SDM Model. In the estimation of SDM
model with time fixed effect by Matlab R2010a, the SEM
model and the SLM model with time fixed effect are simul-
taneously employed for comparison. As is shown in Table 4,
the goodness of fit of SDMmodel is the highest with the best
explanatory ability and the SLMmodel is slightly higher than
the SEMmodel.

Different factors have different effects on industrial land
use efficiency as a result of the estimation of SDM model.
In model 1, the estimated coefficient of IDL is significantly
positive, indicating that the improvement of industrial devel-
opment imposes a positive impact on the industrial land use
efficiency. 1% of the industrial development level can increase
the utilization efficiency of industrial land by 1.373%. The
improvement of industry development is accompanied the
upgrading and optimizing of the overall scale of industrial
economy, the level of industry, and the production skills,
which contributes to an increasingly effective way of land
use. In model 2, the estimated coefficient of the variable of
industrial output value proportion (IOVP) is positive and
passes the test by the significance level at 1%, showing that
the increase of IOVP has a significant positive effect on the
improvement of industrial land use efficiency. The increase
of IOVP reveals that the dominant position of industry in
the economy has been increasing, and the advantages of
industrial agglomeration have gradually formed in the pro-
cess of industrial production’s adjustment and optimization.
The land use strategy with industrial domain as the core has
gradually shifted towards the goal of intensive utilization in
the competition with other construction land supply. The
estimated coefficient of the variable of High Technology
Industry Output Value Proportion (HTP) is positive with
the statistically significance level, at 1%, showing that the
increase of HTP has a significant positive effect on the
improvement of industrial land use efficiency. Higher HTP
reflects higher quality of regional industrial development,

higher level of the industrial structure, and higher added
value of products in high-tech enterprises, as well as better
enterprise profitability and more unit land outputs. The
estimated coefficient of the variable of industrial specializa-
tion index (ISD) is positive at the significant level of 10%,
which indicates that the increase of leading industries output
value proportion has a significance positive effect on the
improvement of industrial land use efficiency. Higher leading
industries output value proportion means a more obvious
advantage of regional industry agglomeration and an increase
in land scale returns. By comparing of the three indicators
of industrial development level, it is found that the greatest
effect on the industrial land use efficiency is the degree of
industrial economic development, followed by the quality of
industrial development and finally the degree of industrial
specialization.

With regard to the quantitative analysis result of control
variables, Per capita Gross Regional Product (GPRR) is
positive in the two models, which shows that the increase of
GPRR has a significant positive effect on the improvement
of industrial land use efficiency at the significant level of
1%. Regions with high economic development levels have
a better industry structure, where the local government
has more financial funds invested in the construction of
industrial infrastructure and the enhancement of the quality
of labor and managerial personnel. Moreover, construction
land resources are relatively scarcer and more expensive in
developed areas. All the external factors jointly promote the
improvement of industrial land use efficiency. High level of
economic development also means better market economy
mechanism, which is an important guarantee for economic
agglomeration development, industry scale development,
and absorption of foreign investment. The proportions of
large and medium-sized industrial enterprises above desig-
nated size (BMP) are both negative in the two models and
fail the significance test, indicating that the scale of industrial
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enterprises has no significant effect on the industrial land
use efficiency. Generally speaking, the large-scale enterprises
with complete departmental settings and high management
level and personnel quality are beneficial for improving
industrial land use efficiency. The small enterprises, whose
capital is constrained, can make intensive utilization of land
more effectively and improve industrial land use efficiency.
The proportions of foreign-invested and Hong Kong, Macao,
Taiwan invested (FNP) industrial enterprises are both pos-
itive in the two models at the significance level of 1%. On
the one hand, foreign direct investment has a positive effect
on industrial land use efficiency. On the other hand, Hong
Kong, Macao, and Taiwan enterprises with wholly foreign-
owned or joint venture are advanced industries which have a
higher level of management and salary standard, and more
advanced industries can better enhance the enthusiasm of
employees and potential, which has a positive impact on
industrial land use efficiency. At the same time, foreign-
invested and Hong Kong, Macao, Taiwan invested enter-
prises have spillover effect, which can prompt neighboring
enterprises and enterprises of same types to learn advanced
production technology and management skill.

4. Conclusion and Policy Implications

This paper measures the industrial land use efficiency of 30
provinces in China from 2001 to 2013 based on the Subvector
Data Envelope Analysis (DEA) model. Then the spatial auto-
correlation relationship between the industrial development
and the industrial land use efficiency is explored. Further-
more, spatial panel data models are adopted to examine
the effects of industrial development on industrial land use
efficiency. The conclusions are as follows.

(1)The efficiency of industrial land and the level of indus-
trial development in the eastern provinces are higher than
those in the western provinces. Along with the national
regional development strategy and industrial transfer, the
development level of the industry in the midwest provinces
continues to improve. Industrial land use efficiency of
eastern regions is increasing because of differences of
resource scarcity, industrial level, and management mecha-
nism between the two regions.

(2) The spatial distribution of industrial land use effi-
ciency shows remarkable positive spatial autocorrelation.The
industrial land use efficiency in each province is significantly
affected by the industrial land use efficiency in neighboring
provinces, and the spatial autocorrelation appears to increase
first and then decrease after stability. Since 2009, industrial
development level has obvious negative spatial autocorrela-
tion characteristics and has shown a trend of strengthening.
Though the driving effect of eastern coastal provinces on
neighboring provinces is weakening, advanced industrial
regions still have positive effect on neighboring regions in
leading industrial cluster development and the spread of
high-tech industries.

(3) The improvement of industrial development has a
significant positive impact on the efficiency of industrial land
use. The most important factor to improve the utilization

efficiency of industrial land is the degree of industrial eco-
nomic development, followed by the quality of industrial
development and, finally, the degree of industrial specializa-
tion. Meanwhile, the improvement of regional economy and
the rise in foreign andHongKong,Macao, andTaiwan invest-
ment have positive and significant influence on industrial
land use efficiency as well.

Based on the above conclusions, different regions should
pay more attention to the influence of their neighboring
regions. Therefore, different regions not only avoid the nega-
tive effects of Matthew, but also use the spillover effect to
develop high-tech industries and improve their specialization
degree.

There are also some limitations regarding the data in
this research.The industrial development level and industrial
land use efficiency do not take into account the industry
type, resource endowment, and thematching relations among
regions, which will be discussed in the following study in
order to provide a more comprehensive theoretical basis for
the improvement of China’s industrial land use efficiency.
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