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Abstract: Shanxi, one of China’s provinces, has been approved by the State Council as the only state-
level comprehensive reform zone for resource-based economic transformation in 2010. Conse-
quently, the implementation of National Resource-based Cities Sustainable Development Planning
(2013-2020) and The State Council on Central and Western Regions Undertaking of Industrial
Transformation Guide were also introduced. As a result, many agricultural lands were urbanized.
The question is whether the transformed land was used efficiently. Existing research is limited re-
garding the impact of the government-backed transformation of the resource-based economy, in-
dustrial restructuring, and urbanization on land use efficiency. This research investigates urban
land use efficiency under the government-backed resource-based economy transformation using
the Bootstrap-DEA and Bootstrap-Malmquist methods. The land use efficiency and land productiv-
ity indexes were produced. Based on the empirical study of 11 prefectural cities, the results suggest
that the level of economic development and industrial upgrading are the main determinants of land
use efficiency. The total land productivity index declined after the economic reform was initiated.
The findings imply that the government must enhance monitoring and auditing during policy im-
plementation and evaluate the policy effects after for further improvement. With the scarcity of land
resources and urban expansion in many cities worldwide, this research also provides an approach
to determining the main determinants of land use efficiency that could guide our understanding of
the impact of the future built environment.

Keywords: land use efficiency; land productivity index; technological change index; technical effi-
ciency change index; Bootstrap-DEA; Bootstrap-Malmquist; China

1. Introduction

Rapid urbanization and industrialization, supported by an extensive land use pat-
tern, have resulted in land urbanization occurring significantly faster than population ur-
banization in China. From 2005 to 2015, the area of urban built-up areas in China increased
from 32,221 km?2 to 52,102.31 km?, with an annual growth rate of 5.47%. Meanwhile, the
urban resident population increased from 562.1 million to 7711.6 million, with an annual
growth rate of 3.38% [1]. Moreover, the inefficient use has coexisted with urban sprawl,
which has exacerbated the tensions of the human-land relationship [2,3]. Concurrently,
as in many other countries, countless negative effects have emerged in the development
mode of urban expansion, including but not limited to the reduction of high-quality farm-
land and deterioration of the environment and ecosystems [4,5,6], as well as an increase
in potential risks relating to food security [7].

Before the economic reform in China, resource-based cities played a significant role
in their contribution to the nation’s wealth and local employment. Resource-based cities
are cities dominated by extractive industries and heavy industry under a low-tech and
extensive economic development model. They depend primarily on the exploiting and
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processing of natural resources, such as minerals, energy, or virgin forests [8]. In contrast,
the economic activities of non-resource-based cities rely on textiles, electrical and electron-
ics, transport equipment, and manufacturing. There are 262 resource-based cities in China
according to the Plan of Sustainable Development for Resource-based Cities (2013-2020)
[9], where 25 percent of the resource-based cities’ developments are derived from coal
mining.

Previously, the central government has dominated the tax rules and distribution of
resources. The State collects a major portion of taxes from the state-owned resource indus-
try and sets an unfavorable price for the resource industry. Because of diminished revenue
from unfavorable selling prices and tax collection, the local council was seriously deprived
of funds for any development, leaving the local community exposed to potential risks
from the damaged ecological system and vulnerability for its heavy reliance on employ-
ment by the resource-related industry [10]. Together with other centrally-designed strate-
gic plans for the nation’s industry structure, the unfavorable pricing system led to an un-
balanced and distorted industry distribution in China. Coastal cities and other energy-
consuming heavy industries are the beneficiaries of such a low coal price policy. Studies
have shown that coastal cities and eastern China are the regions with relatively high GDP
outputs and higher land use efficiencies [10-13].

The use of natural resources is not sustainable as they are non-renewable. Resource-
based cities have encountered more prominent land use problems, as land use is more
extensive, and the ecological environment has deteriorated significantly [12]. The root
cause of this result is a single energy-intensive, high-emission, and low-tech industrial
structure formed by a long-term reliance on resource development [14]. Against this back-
drop, the Chinese Government has recognized the importance of developing sustainable
resource-based cities. As of 2000, the State started taking initiatives and measures, backed
by a series of documentations and billions in financial aid, aiming to improve resource-
based cities. The measurements include optimizing the industrial structure by cultivating
replacement industries, such as biomedicine and smart manufacturing; recovering the de-
stroyed land by mining into “ecological land”, such as parkland, woodland, grassland,
lake, and marsh water surface to improve the living environment; and promoting the ur-
banization of mined-out and subsided areas through immigration relocation or central-
ized resettlement. However, the earlier preliminary studies have shown that economic
transformation is effective in addressing the conflict of land use and economic develop-
ment, resulting in a protected and restored ecological environment [10]; the impacts of
economic transformation policies on land use efficiency need further testing.

Land use efficiency is an economic concept. From an economic perspective, land sup-
ply is inelastic. Improving land use economic efficiency can be interpreted as either the
incensement of economic output while maintaining the same land input for economic ac-
tivities or keeping the same economic output with a lowered land input for economic ac-
tivities. On the other hand, the rapid progress of urbanization on a global level has seen
land use efficiency become an even more pressing worldwide issue for all developed, de-
veloping, and underdeveloped countries due to the scarcity of land. From an international
perspective, a wide range of policies and regulations has been developed to improve ur-
ban land use efficiency and manage urban sprawl. Developed countries, represented by
the United States and Europe [15-17], have adopted government intervention measures.
Some examples are zoning ordinances and urban planning, smart growth by increasing
the development density and curbing urban sprawl [16], and spatial planning towards
compact urban forms to manage urban growth effectively [17]. They have also established
tradeable land development rights to improve land use efficiency [18]. Similarly, a series
of policies have been introduced and implemented for managing land use in recent years
in China, including cultivated land protection policies [19,20], land use planning, and the
allocation of a construction land quota. More toolkits have been introduced to enhance
land use efficiency in urban built-up areas, including industrial upgrading policies and
urban renewal patterns. Some examples are the reconstruction of “three-old” (old town,
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old factory house, old village house) in Guangzhou and urban renewal in Shenzhen. How-
ever, urban land use efficiency is not only a response to land use management policies
and measures, it is also the result of the joint effects of resource endowment, economic
development level, industrial structure, and population. The constant land depletion
could cause land damage problems, such as collapses, landslides, mudslides, ground sub-
sidence, ground fissures, open pits, and mining pits, and land occupation problems, such
as waste rock (soil, slag) yards, coal gangue piles, tailings ponds and industrial squares.
The above-mentioned problems cause damage to the topography and landscape and have
a serious impact on the land’s function. It is thus important to understand the impact of
land use efficiency and the integration of economic, environmental and societal impacts
that land use changes have on sustainability.

In recent years, the evaluation of urban land use efficiency and the identification of
driving factors responsible for urban land use change has attracted more attention from
scholars of various countries. Zitti et al. [21] have examined the direction and intensity of
metropolitan growth in post-war Athens, analyzing development drivers using regres-
sion models based on 13 indicators. Valerio et al. [22] have studied the pace and dynamics
of urban expansion in the Metropolitan City of Rome. Abdullahi et al. [23] have evaluated
and forecasted the residential development of Kajang City in Malaysia based on compact
development. The investigation of efficiency and drivers of urban land use in China ap-
peared in different research scales—such as national, city circle, provincial, or single cit-
ies—and have focused on the construction of an evaluation index system, evaluation
method, and analysis of efficiency difference [2,24-26]. An evaluation index system is usu-
ally constructed using the input-output indicators of the economy, society, and environ-
ment. The key indices include investment intensity, labor, financial expenses, urban land
release, and economic output. The data envelopment analysis (DEA), a nonparametric
frontier approach, has been widely used to model and analyze land use efficiency because
it has the advantage of consolidating all relevant indicators into one overall indicator to
support a more comprehensive performance comparison. Recently, DEA has been ex-
tended to the stochastic production function with improved measurement accuracy, the
Malmquist index analysis, and Bootstrap-DEA [27]. The indicators and methods of previ-
ous research provide a good foundation for the following research. However, little re-
search has been conducted on urban land use efficiency throughout the resource-based
economic transformation. Further, there is a lack of information concerning a targeted
evaluation index system. Therefore, developing an index system and tool for measuring
urban land use efficiency in a resource-based economy transformation is worthwhile.

This paper studies the impact of urban land use efficiency on the resource-based
economy under the transformation period. The research further explores the main influ-
encing factors of a resource-based city in the context of economic transformation. Cities in
the Shanxi Province, China, are selected as a case study since most have developed a sin-
gle industrial structure dominated by coal mining and coal chemical industries. Coal min-
ing has resulted in undesirable land use consequences, such as mined-out subsidence ar-
eas, soil contamination, land occupation, and industrial and mining wasteland.

In November 2010, Shanxi Province was approved by the State Council as the only
state-level comprehensive reform zone for resource-based economy transformation in the
country. Under the premise of protecting and restoring the ecological environment,
Shanxi Province was allowed to conduct a series of reforms in various fields, including
systems and mechanisms, to promote emerging industries, organic clusters and networks,
and enhance economic vitality. In 2017, the State Council further emphasized the eco-
nomic transformation reform, putting forward suggestions for deepening Shanxi Prov-
ince’s transformation reform. The aim was to explore a new road of transformation, up-
grade innovation-driven development, and form a scalable and replicable experience.
This research is significant for the government’s understanding of the effects of imple-
menting economic transformation policy and the factors that affect land use efficiency.
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The research findings can be used for guiding the planning of land for urban develop-
ment.

We began developing the input—-output indicators according to the goals of resource-
economy transformation using the Bootstrap-DEA and Bootstrap-Malmquist index for
measuring urban land use efficiency before and after the resource transformation reform.
Further, we analyzed dominant factors affecting the changes in urban land use efficiency.

The remainder of the paper is organized as follows. Section 2 introduces the method-
ology and data consisting of the input-output indicators selected, Bootstrap-DEA, and the
Bootstrap-Malmquist index for measuring urban land use efficiency. Section 3 uses the
approach described in Section 2 to conduct an empirical study on the change of urban
land use efficiency in Shanxi Province from 2006 to 2015. In Section 4, a regression model
using panel data is employed to analyze the main determinants that may influence urban
land use efficiency. Section 5 concludes this study.

2. Methodology and Data

Urban land use efficiency is an important indicator for measuring the efficient allo-
cation, operating status, and management level of urban input resources. The theoretical
framework of land use efficiency concerns an application in economic analysis for com-
paring the alternatives of recourse allocation doing business and, an analysis of environ-
mental and ecological systems to ensure the protection and the renewability of valuable
land resources [28-30]. The efficiency is usually explained by the changes in effect com-
pare the land use related activities to the changes in resources consumed to produce the
effect. The study of land use efficiency aims for decision-making to optimize business op-
erations and improve the management of land units.

Despite qualitative methods and the cost-benefit analysis method, input-output
analysis using the Malmquist index and Bootstrap-DEA [27] is widely used to assess, an-
alyze, and model procedures related to land use. The efficiency is measured by examining
whether a maximum output could be achieved by a given mix of inputs (i.e., technical
efficiency). The input—output analysis also addresses the issue when it is impossible to
increase the output without increasing inputs (i.e., technological efficiency).

We selected a combination of Bootstrap-DEA, Bootstrap-Malmquist indices, and a
panel data model with Hausman test regression analysis to derive the scores of land use
efficiencies and a land productivity index, which was then further refined into a techno-
logical change index and technical efficiency change index. This was done to facilitate a
robust and comprehensive analysis of land use efficiency and its relationship with some
external explanatory variables, such as the level of economic development, government
spending, industrial upgrading, industrial reconstruction and urban population.

2.1. Data Envelopment Analysis

The data envelopment analysis (DEA) is a linear programming methodology that
measures the efficiency of multiple decision-making units (DMUs) when the production
process presents a structure of multiple inputs and outputs [31], which can deal with mul-
tiple inputs and outputs simultaneously and does not require any prior information on
the theoretical framework of the production function [32]. In this study, the input-oriented
data envelope analysis (DEA) is used to measure the urban land use efficiency of each city
at a certain period since the control input is more feasible in this field. Suppose that each
city is a decision-making unit (DMU)—each DM Uj(j =1,2,---, n),demands m inputs
xitj (i=12,--, m),to generate s outputs yrtj (r=12,---, s) at t period. The piece-
wise linear production technology can be defined as follows to determine the kth of DMU
at the time #:
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where Aj- denotes the non-negative multiplicative vector of inputs and outputs; ¢ (t=2006,
..., 2015) denotes the year s; ; and s} denotes the slack variables of inputs and outputs,
respectively. Further, 8 denotes the efficiency of DMU estimation, and & denotes non-
Archimedes infinite small amount in the model, which is 107%.

When 6 =1, the DMU is at a perfect and efficient position on the production possi-
bility curve. When 6 <1, the DMU is inefficient, and it is necessary to modify the input-
output structure.

2.2. Malmquist Indices

We applied the Malmquist productivity index to construct an urban land use effi-
ciency model for the application purposes to study the changes of urban land use effi-
ciency over time. The Malmquist productivity index, first pioneered by Caves et al. [33],
relies on distance functions. Féire et al. [34] further developed it by considering technical
inefficiency in productivity measurement. The Malmquist index derived from DEA has
been widely employed to evaluate productivity growth assessment and its decomposition
into technological change and technical efficiency change [35] in many fields. Some exam-
ples of the empirical studies were financing and banking [36], farming [37], IT systems
[38], environmental studies [39], and other areas. The method is relatively easy to compute
and does not require formational form assumptions and price information. One of the
pitfalls is that it can only serve binary comparisons since it does not verify the transitivity
property [40]. In recent years, its application for evaluating land use efficiency can be
found in literature [2,24-26,40]. In this paper, the input-oriented DEA-CCR (the CCR model
is based on the assumption that the constant return to scale exists at the efficient frontiers)
and Malmquist productivity indices are adopted for the sample of cities used here.

2.3. Malmquist Indices Model for the Efficiency of Land Use

Taking Shanxi Province as a decision-making system, each of the 11 prefectural-level
cities is a decision-making unit, represented by DMU;(j = 1,2,---,11). In each DMU; at
time t, thereare m inputs x{;(i = 1,2,---, m) and s outputs y/;(r = 1,2,--,s). From t
to t,, the Malmquist indices formula in concerning the input-output is described as fol-
lows:

(of) P (o)

X
1 (.t t1) tz( t1 tl)
(xj i) D%

where in (2), D:* (xfz, yjtz) indicates the Shepard distance function between the combina-

2)

t
t t t t DC

2 2 1 1) —
Mi(x%y;% 0 5t) = D
c

tion of input-output factor to the frontier at time t; to ¢,, D (x].tl, yfl), D (xjtz, y].tz),
D2 (xjtl, yfl) are defined in the same way under the constant scale of the decision-making
unit DMU;; and M,(xfz,yjtz,xfl,yjtl) measures changes in productivity for DMU; from
t; to t, (t; < tp).
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According to Worthington [36], productivity improvement over time can be meas-
ured by technical efficiency improvements (AE) or technological improvement (AT). Tech-
nical efficiency is the ability to use a minimal amount of input to make a given output
level, whereas technological changes measure the ability to combine inputs and outputs
optimally. As a result, the performance of changes in productivity can be further broken
down into two parts—changes in efficiency (AE) and technological change (AT)—which
can be described in formula (3):

DZ(x%,y?) D¢t (%% Dt (x%,
M, (xfz,y].tz,xjtl,yjtl) = Dtl Ex‘ 3}]]] )) th E : z} g X DEZ Ezj.tl :tlg 3)
' ' Jj 7

AE

AT

or

Changes in productivity (DMU]-) = changes in technical ef ficiency (AE) * technological change (AT)  (4)

where in (3) and (4), AE denotes the extent of efficiency change to the frontier from t; to
t,, representing the change in technical efficiency. Further, AT denotes the extent of tech-
nological change to the frontier from t; to t,, reflecting the technological change. This
research method has been applied to many applications, including the assessment of the
productive performance of countries [41], financial institutions [42,43], manufacturing in-
dustries [44], and the like.

2.4. Bootstrap-Malmquist Method for the Correction of Urban Land Use Efficiency

Both the traditional DEA and Malmquist models are based on the observed finite
samples. The estimated results are subject to sampling variation sensitivity [27,45]. With
this in mind, the Bootstrap method is an improved resampling technique; a replacement
sample data pool is created by stimulating the formation process of the original sample.
This is used for a serious repeatable preformation of statistic calculations, such as the sig-
nificance test, the original sample empirical distribution, and corrections to the original
means and deviation [46].

Based on the principle and method of the Bootstrap-Malmquist method proposed by
Simar and Wilson [47], the Bootstrap-Malmquist technique for measuring the efficiency
of land is established as follows:

(a) In the original data pool for DMU; , the Malmquist indices estimate
M;(xjtz'yjtz ’xjtl'yjtl)v j=12,n

(b) Based on Simar and Wilson [47], the proposed binary Kernel density and Reflec-
tion method, the Bootstrap resampling technique is used to obtain a combination of input-
output replacement samples P*from the decision-making unit:

= {5yt =12, mt =ty by} ®)

(c) The multivariate linear programming model for solving the pseudo-sample dis-
tance function is shown in (6):

[ﬁ]tl (xtz, yj 2)] = max0,

where

zltl:)}r]’ - ' ,"',S (6)

t1 ty ty .
stZl X S x50 =12,0
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A1=0,j=12,,n

Based on resamples P*, we must solve (6) deepening Shanxi Province’s transfor-
mation reform, from distance function Djt1 (xjtl, yfl) , and derive Bootstrap estimates
ﬁj*tl xfz, yjtz). We must change the corresponding factors in (6) at the same period to re-
construct the model and repeat these procedures to solve the equation. The remaining
distance function Bootstrap estimates are derived D;(x;?,y*), D;"*(x;%,y;*) ,
ﬁj*tl (thz, sz)-

(d) The Malmquist indices Bootstrap estimate M;" is calculated by applying Boot-
strap estimates.

(e) Repeating steps (b—d) B times (B = 2000) results in B times of estimate {1\711?‘,,}11.
According to research by [48], if 2000 sampling times of B are obtained, they should ensure
a guaranteed coverage of confidence intervals.

A smooth distribution of Bootstrap-Malmquist indices was obtained by adopting the
above steps, which were used to replace the original data distribution. Therefore, correc-

tions for deviations to the original Malmquist index can be made using {M;b}j_lto con-

struct a confidence area at a 5 percent and 10 percent significant level, respectively, fol-
lowed by a further examination of productivity significance. With the same principles ap-
plied, values for technical efficiency change and technological changes can be derived us-
ing the same confidence intervals.

2.5. Selection of Variables and Indicators, and the Source of Data

In this paper, 11 prefecture-level cities in Shanxi Province were selected as units for
decision-making and analysis including Taiyuan, Datong, Yangquan, Changzhi, Jincheng,
Shuozhou, Jinzhong, Yuncheng, Zhangzhou, Linyi, and Luliang. From 2006 to 2015, the
year 2010 was chosen as the reference point, at which the State Government initiated the
comprehensive reform.

For the state-initiated economic reform policies with financial aids for the resource-
based cities, it set major tasks, such as the establishment of long-term incentive measures
for sustainable development; the cultivation of alternative industries; the need to solve
social problems with a focus on employment; the enhancement of environmental treat-
ment, and ecological system protection; and the reinforcement of the resources survey and
mineral rights management.

Therefore, the following input-output variables that measure urban land use effi-
ciency were selected in the model to assess the effectiveness of government reform initia-
tives, concerning optimizing the ecosystem, industrial upgrading, and industrial restruc-
turing.

Land, capital, and labor were nominated as input variables in non-agricultural in-
dustries that impact urban economic benefits and the change of ecologic environment.
These input variables can be quantified individually as areas of urban construction land,
fixed-capital stock of secondary and tertiary industries, and the number of people em-
ployed in secondary and tertiary industries. The added value of secondary and tertiary
industries, and the green coverage rate of built-up areas, were chosen as output indicators,
measuring urban economic output and ecologic output. Table 1 depicts the details.

The urban construction land area and the green area coverage rate of the built-up
areas were sourced from the China Urban Construction Statistical Yearbooks from 2007
to 2016. Others were sourced from the Shanxi Statistical Yearbooks from 2007 to 2016,
covering fixed assets investment, employed persons, and added value. All relate to the
secondary and tertiary industries, with an additional fixed-asset investment price index
and price reduction index. Supplementary data in case of incomplete data were sourced
from local city yearbooks or statistical bulletins.
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Table 1. Variables of land use efficiency model.
Variables Type Variables Measurement Expected Sign
. 2nd & tertiary industries fixed asset (10,000 .
Capital Positive
yuan)
Land Urban construction land area (square kilometer) Positive
Input Variables Labor Number of employmentﬁ on 2nd & tertiary in- Positive
dustries
Research expenses R&D research funds (10,000 yuan) Positive
Energy consumption Coal consumption (Ton/10,000 yuan) Negative
. Value-added of 2nd and tertiary industry .
Economic output Positive
. (10,000 yuan)
Output Variables o -
. . Green area coverage rate (%) Positive
Quality of Environment o -
Days completed for Green area coverage (%) Positive

Data Processing

The fixed capital stock of the secondary and tertiary industries is estimated by the
perpetual inventory method. The calculation formula is

kl =kl x(1-8)+1/p, 7)

where kg , kg_l are the fixed capital stocks of j city at the years t and f — 1, respectively. 6
is the depreciation rate concerning the recommended value calculated by Zhang et al.,
[49], which is set at 9.6%. Itj is the investment value of fixed assets of the secondary and
tertiary industries for each individual city at the time of t year (price at the year of t). p,
is a calculated fixed-asset investment price index with a baseline starting from 2005. The
determination of the baseline concerning the fixed-capital stock in 2005 can be referred to
as the inter-provincial fixed-capital stock calculated by Zhang et al. [49]. This derives the
total fixed-capital stock of the whole society in Shanxi Province in 2000 (the current year’s
price level). Furthermore, the total social fixed-assets investment in 2001-2005 was used
to apply the perpetual inventory method. The total fixed capital stock of the whole society
in Shanxi Province in 2005 (remaining the constant price level of 2000) was calculated and
subsequently restored to the year 2005 price level. Based on this, the weighing of the
added value of the second and tertiary industries in Shanxi Province in 2005 was multi-
plied by the fixed-capital stock of the whole society, resulting in the derivation of the
fixed-capital stock of the secondary and tertiary industries in Shanxi Province. Further
derivation of each chosen city’s added value of the secondary and tertiary industries is
then calculated by its weighting in the province. Similar weighting principles can be re-
peated to derive the fixed capital stock in the secondary and tertiary industries in the base
period for each city. The secondary and tertiary industries’ value added was reduced to
the constant price level of 2005 using the price reduction index.

3. Empirical Results and Discussions

The percentage increase of input variables, such as the area of urban construction
land, fixed-capital stock for the secondary and tertiary industries, and the number of peo-
ple employed in the secondary and tertiary industries, are given in Figure 1. The percent-
age increase of output variables, such as the value added by the secondary and tertiary
industries and the percentage of green coverage of the built-up areas, are shown in Figure
2.
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YANGQUAN CHANGZHI JINCHENG SHUOZHOU JINZHONG YUNCHENG XINZHOU LINFEN LULIANG

Figure 1. The percentage increase of input variables (i.e., urban construction area, the fixed capital stock of secondary and
tertiary industry, and the number of people employed in the secondary and tertiary industries from 2006 to 2015).

250%

200%

150%

100%

50%

0%

-50%

TAIYUAN

It is clear that there is a 300-800% increase in investments into the fixed-capital stock
for the secondary and tertiary industries among the cities. The area for urban construction
increased from 20% to 100% in 2015 from 2006. Meanwhile, the number of people em-
ployed by the secondary and tertiary industries show variations among cities, with
500,000 more people employed in 2015 above the 1.4 million in 2006 for Taiyuan. Figure 2
shows a clear increase from 50 to 200% for value added, with a reduction of 7%, and var-
ious increases of up to 180% for the green coverage of built-up areas.

m Value Added by Second and Tertiery Industry m Green Coverage of the Built-up Area

LLLI[[L-'.L

DATONG

YANGQUAN CHANGZHI JINCHENG SHUOZHOU JINZHONG YUNCHENG XINZHOU LINFEN LULIANG

Figure 2. The percentage increase of output variables, such as the value added by the secondary and tertiary industries
and green coverage of built-up areas, between 2006 and 2015.

3.1. Differences in Scores of Land Use Efficiency between Cities

Based on the DEA-CCR and Bootstrap-Malmquist models, MATLAB’s DEA analysis
tool was used to calculate the Bootstrap-DEA scores of urban land use efficiency, the val-
ues of Malmquist indices, the value of Bootstrap-Malmquist indices, the decomposed val-
ues of Bootstrap technical efficiency change, and the technological change. The Bootstrap-
DEA results appeal different ranges from 0.688 to 0.868, as shown in Table 2, by studying
the urban land use efficiency of 11 cities in Shanxi Province between 2006 and 2015. The
higher the score, the higher the economic outputs and more green area coverage, thus
increased land use efficiency.

Table 2. The scores of land use efficiencies (Bootstrap-DEA) for 11 prefecture-level cities in Shanxi Province 2006-2015.

City 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 Mean S.D.
Taiyuan 0.847 0.803 0.824 0.714 0.798 0.813 0.816 0.892 0.952 0.914 0.837 0.068
Datong 0.865 0.782 0.795 0.607 0.609 0.592 0.564 0.610 0.672 0.789 0.688 0.108

Yangquan  0.764 0.643 0.855 0.823 0.866 0.897 0.870 0.880 0.899 0.918 0.841 0.082
Changzhi  0.905 0.847 0.906 0.769 0.815 0.888 0.829 0.855 0.867 0.865 0.855 0.043
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Jincheng 0.947 0.760 0.804 0.669 0.756 0.771 0.777 0.819 0.836 0.901 0.804 0.079
Shuozhou  0.922 0.881 0.907 0.841 0.837 0.829 0.834 0.854 0.875 0.905 0.869 0.034
Jinzhong 0.879 0.741 0.742 0.618 0.673 0.657 0.643 0.679 0.707 0.763 0.710 0.076
Yuncheng  0.957 0.828 0.766 0.638 0.553 0.579 0.553 0.623 0.739 0.835 0.707 0.139
Xinzhou 0.887 0.892 0.928 0.712 0.597 0.579 0.541 0.653 0.646 0.802 0.724 0.143
Linfen 0.938 0.884 0.910 0.767 0.727 0.751 0.727 0.738 0.769 0.844 0.805 0.081
Luliang 0.934 0.880 0.897 0.835 0.831 0.835 0.828 0.860 0.868 0.916 0.868 0.038

Further studies were conducted to evaluate the impact of comprehensive reform on
the changes in urban land use efficiency for the chosen 11 cities (refer to Table 3). The
estimated results indicate that the estimations of most cities are statistically significant as
presented for the significance level at 10% or 5%.

Table 3. The year-on-year land productivity change index for prefectural level cities in Shanxi Province 2006-2015

(Malmquist).

City 2006/2007  2007/2008  2008/2009  2009/2010  2000/2011 2011/2012 2012/2013  2013/2014  2014/2015
Taiyuan 1.028 ** 0.949 ** 0.919 ** 0.983 ** 0.978 ** 0.932 ** 0.853 0.894 0.927 **
Datong 0.962 0.945 ** 0.816 0.900 ** 0.951 ** 0.894 ** 0.838 0.877 0.951

Yangquan 0.916 1.006 0.860 ** 0.845 ** 0.868 ** 0.867 ** 0.879 * 0.868 ** 0.885 **
Changzhi 0.998 ** 1.035 ** 0.939 0.981 ** 1.042 ** 0.875 ** 0.807 * 0.828 ** 0.783 **
Jincheng 0.894 1.003 ** 0.890 0.939 ** 0.984 ** 0.922 ** 0.822 0.824 ** 0.841
Shuozhou 1.146 ** 0.837 ** 1.054 ** 0.947 ** 0.994 ** 0.931 ** 0.914 ** 0.895 ** 0.819 **
Jinzhong 0.897 0.968 ** 0.933 1.011 ** 0.986 ** 0.810 ** 0.829 ** 0.839 ** 0.834
Yuncheng 0.918 0.920 ** 0.891 0.885 1.184 0.892 ** 0.880 * 0.927 * 0.875
Xinzhou 1.057 ** 1.017 ** 0.796 0.849 0.966 ** 0.873 ** 1.069 * 0.922 ** 1.003
Linfen 1.008 1.044 ** 0.867 1.022 ** 1.069 ** 0.877 ** 0.845 ** 0.849 ** 0.872*%
Luliang 1.083 * 0.993 ** 1.009 * 1.103 ** 1.086 ** 0.941 ** 0.853 ** 0.847 ** 0.839

Note: * Significance level at 10%; ** Significance level at 5%.

The comprehensive reform was introduced in 2005. Therefore, comparisons of the
calculated average scores of land use efficiencies for each of these cities were made be-
tween the two periods (i.e., before [2006-2010] and after [2011-2015]). The widened range
of the average scores of land use efficiencies among the cities for the two periods is re-
vealed in Figure 3. Four cities (Taiyuan, Yangquan, Changzhi, and Jincheng) have im-
proved their land productivities during 2011-2015. Other cities have reduced their aver-
age scores of land use efficiencies after the comprehensive reform.

Note that cities with higher improved average scores of land use efficiencies, such as
Taiyuan and Yangquan, generally have a larger increase of value added in the meantime,
with a relatively smaller increase of investment in the fixed stock. This effect is vice versa
for cities such as Xinzhou, Linfen, and Yunchong, where a drop in land use efficiency is
presented.
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Figure 3. Comparisons between the average scores of land use efficiencies before and after the comprehensive economic

transformation.
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Figure 4 shows the trend of overall (average) score of land use efficiencies for the
total of studied cities in Shanxi Province during 2006-2015. The overall land efficiency
scores are marked with a declining trend from 2005 to 2010, then an uptrend after 2010.
This finding coincides with Pu et al. [50] who studied industrial land use efficiency in
Hunan province. Over the studied period, economic events occurred, such as fluctuations
in coal prices, coal demands, and the introduction of economic reform. Nevertheless, the
combined factors have inevitably impacted the level of land use efficiency in the area.
Further regression analysis on what factors have had a significant impact on the score of
land use efficiency is to be demonstrated later in the paper.

e=@== | and Use Efficiency Score

2007 2008 2009 2010 2011 2012 2013 2014 2015

Figure 4. The overall (average) land use efficiency score trend for the total of studied cities in Shanxi Province from 2006—

2015.

3.2. Identifying Trend Changes in Land Use Efficiency

The results demonstrated in Section 3.1 show that the estimated value of urban land
productivity in the chosen cities during the observation period is significant in most cases.
However, the number of cities and years in which the Malmquist index value is greater
than 1 is relatively few, indicating the scarcity of cities and years in which the urban land
productivity has increased from the previous year. In fact, the overall level of urban land
productivity has declined, especially after the comprehensive reform.

Further decomposed values of Bootstrap technical efficiency change and the techno-
logical change derived from the urban land productivity are shown in Tables 4 and 5 to
identify the reasons for the declined urban land productivity.

The results of Table 4 indicate there is no clear pattern before 2011 concerning the
values of technical efficiency change of urban land use in Shanxi Province as the pattern
fluctuates with alternative upward and downward trends. However, the pattern becomes
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clear after 2012, with an overall rising trend. Therefore, based on the characteristics of
industrial structure dominated by coal production in Shanxi Province, comparison studies
were carried out between the technical efficiency changes of urban land use with the coal
price factor in the same period. It is found that before 2011, the fluctuation of the technical
efficiency change of urban construction land highly coincided with the fluctuated trend
of coal prices. This finding suggests that the heavy-weighted coal-based industrial struc-
ture during this period could be the significant factor determining the technical efficiency
of urban land use. However, in 2011, comprehensive reform on the transformation of the
resource-based economy was initiated in Shanxi Province, adversely impacting the coal
price. The average price of standard coal dropped from 1260 Yuan/1000 kg at the end of
2011 to 780 Yuan/1000 kg in 2015 [51]. Another important comprehensive reform com-
menced from 2013-2015, focusing on prompting the transformation of the coal-based
economy to an energy-efficient economy. Notably, since 2011, urban land technical effi-
ciency changes in various cities show an overall upward trend; this is especially true from
2013-2015, in which the energy-efficient economy reform was promoted. This finding sug-
gests that the reform from a coal-based economy to an energy-efficient economy has en-
hanced the improvements of technical efficiency in land use.

Table 4. The year-on-year technical efficiency change index for prefectural cities in Shanxi Province 2006-2015 (Bootstrap-

Malmquist).

City 2006/2007  2007/2008  2008/2009  2009/2010  2000/2011 2011/2012 2012/2013  2013/2014  2014/2015
Taiyuan 0.911 1.026 0.821 1.112 1.051 0.989 1.105 1.096 0.998
Datong 0.870 1.022 0.729 1.012 1.002 0.951 1.091 1.094 1.202

Yangquan 0.817 1.340 0.939 1.090 1.054 0.957 1.028 1.004 1.021
Changzhi 0.888 1.082 0.822 1.062 1.108 0.925 1.034 1.012 1.020
Jincheng 0.755 1.069 0.824 1.089 1.043 0.985 1.063 1.013 1.108
Shuozhou 0.953 1.016 0.928 0.997 1.006 0.988 1.025 1.014 1.039
Jinzhong 0.798 1.014 0.815 1.088 1.025 0.929 1.067 1.029 1.104
Yuncheng 0.822 0.932 0.816 0.858 1.075 0.951 1.117 1.171 1.157
Xinzhou 0.958 1.058 0.740 0.829 0.988 0.943 1.230 0.986 1.257
Linfen 0.912 1.022 0.808 0.971 1.028 0.948 1.033 1.029 1.117
Luliang 0.951 1.018 0.929 0.990 1.006 0.989 1.020 1.017 1.045

The results in Table 5 illustrate that the technological changes in urban land use in
Shanxi Province fluctuate with ascending and descending trends before 2011. However,
thereafter, a clear declining trend emerges as the values of technological changes drop
year by year for all the studied 11 prefectural-level cities, without exceptions. In the mean-
time, background studies were conducted to analyze the economic status of ShangXi
Province. From 2006 to 2011, major programs focusing on the restructuring and integra-
tion of the coal industry were in operation [52]. However, there was no material change
concerning the predominantly coal-based industrial structure. The fact that change of
ownership due to restructuring and integration could harm the industry’s stability, with
likely consequences of deterring investors from investing in the industry was apparent.
Despite the favorable market condition of coal price, it was evident that preference in the
industry was to expand production capacity over technology advancement. Hence, tech-
nological improvement was not significant.

From 2012 to 2015, market conditions for coal prices became unfavorable. A series of
reforms took place in Shanxi Province, including industrial restructuring, a reduction in
raw coal production capacity, extensions to the coal industry chain via focusing on the
deep processing of coal, coal-electricity integration, and the development of coal gas [53].
The reform aimed to enhance the improvement of production technology and industrial
upgrading. The initial results were positive. However, a minimal impact was expected
due to the replacement industries (e.g., tourism and modern logistics) still being in their
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infancy. At the same time, new strategically important industries, such as modern manu-
facturing coupled with information technology and industrialization, were still in the
planned initial construction stage, with no production ability. Further, the frontiers of the
input-output portfolio did not move forward over this time.

Table 5. The year-on-year technological change index for prefectural level cities in Shanxi Province 2006-2015 (Bootstrap-

Malmquist).

City 2006/2007  2007/2008  2008/2009  2009/2010 2000/2011 2011/2012 2012/2013  2013/2014 2014/2015
Taiyuan 1.063 0.942 1.033 0.895 0.969 0.917 0.787 0.830 0.927
Datong 1.042 0.942 1.033 0.895 0.969 0.917 0.788 0.815 0.814

Yangquan 1.055 0.762 0.853 0.795 0.846 0.867 0.879 0.868 0.885
Changzhi 1.055 0.974 1.054 0.930 0.979 0.916 0.798 0.818 0.794
Jincheng 1.100 0.953 1.005 0.868 0.969 0.918 0.792 0.816 0.784
Shuozhou 1.146 0.837 1.054 0.947 0.993 0.930 0.914 0.895 0.819
Jinzhong 1.046 0.973 1.057 0.935 0.966 0.869 0.798 0.817 0.782
Yuncheng 1.036 1.005 1.009 1.037 1.101 0.928 0.809 0.800 0.786
Xinzhou 1.031 0.981 0.983 1.034 1.000 0.901 0.886 0.946 0.836
Linfen 1.056 1.039 0.993 1.050 1.062 0.912 0.832 0.833 0.810
Luliang 1.083 0.993 1.009 1.103 1.086 0.941 0.853 0.847 0.839

In summation, under the background of comprehensive reform, as mentioned above,
there are signs of relatively improved technical efficiency of urban land throughout the
observation. However, it is still at the early stages of the learning curve, and it is expected
that a longer period will be required for the potential impact to occur for the technological
progress. This is in agreement with conclusions made by previous relevant research [10]
that the economic reforms are not costless. This is especially true when it bears consider-
able costs at its initial stage [54]. Therefore, further studies are needed to appropriately
appraise the extent of the impact that will improve land use efficiency by industrial up-
grading and industrial restructuring reform. The sample size employed 11 cities in Shanxi
as a case study, which could be a limitation. Further research should collect more data to
verify the results of this research.

Figure 5 presents the trends of an overall (average) year-on-year change of the
Malmquist productivity index (MPI), the technological change index and the technical ef-
ficiency change index for the total studied cities during 2006-2015. It shows a negative
correlation between the score of land use efficiency (Figure 4) and technological change
(Figure 5) after 2011. However, it displays a positive correlation between the score of land
use efficiency and technical efficiency change between 2005 and 2015. The fact that the
fluctuation of total land productivity coincides positively with the pattern of technological
change suggests the importance of technological advancement, although the area will
benefit from assistance provided by government funds and transfers of payment [10]. Still,
there is a need to examine the efficiency and effectiveness of funds utilization closely. In
particular, it is recommended that future focus should be directed towards improving
technologies.
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Figure 5. The trends of overall (average) year-on-year change of the Malmquist productivity index, technological change
index, and technical efficiency change index for the total studied cities in Shanxi Province from 2006 to 2015.

4. Analysis of Factors Affecting Land use Efficiency Change

Relevant research shows that urban land use efficiency is influenced by many factors,
such as the level of urban economic development status, industrial structure, level of ur-
banization, and government management [24]. The econometric regression analysis
method was used to identify the main factors affecting the change of urban land use effi-
ciency in Shanxi Province.

4.1. The Explanatory Variables, Source of Data, and Construction of Panel Data Model

The Bootstrap scores of the land use efficiency in each city were treated as explana-
tory variables, which LE represent. Considering the transitional characteristics of the re-
source-based economic transformation in Shanxi Province, there were five major aspects
selected for close examination: the level of economic development, industrial upgrading,
industrial restructuring, the level of urbanization, and potential government influence on
economic transformation. The explanatory variables were quantified, including the level
of economic development (GDPP), represented by average GDP per head of the prefec-
tural city (10,000 Yuan/person); level of industrial upgrading (CP), represented by coal
consumption per unit of GDP (1000 kg of standard coal/10,000 Yuan in GDP), a reverse
index to be modified into a positive indicator by using the reciprocal method; industrial
restructuring (IS), represented by the weighing of the added value generated by the ter-
tiary industry to the regional GDP; the urbanization level (UPL), represented by the pro-
portion of the urban population to the number of residents living in the prefectural-level
city; and government influence (GOV), represented by the ratio of budgeted government
expenditure to GDP for the fiscal year. The raw data of the above variables were sourced
from the Shanxi Statistical Yearbook (2006-2016).

A regression analysis model was constructed using panel data from 2006 to 2015.
First, the Hausman test was conducted to test the hypothesis of the random effect model,
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with test results rejecting the random-effects model. Further efforts were made by estab-
lishing the fixed effect model, subsequently followed by performing the redundant fixed
effect test. It was found that these test results accept the individual fixed-effects model.
The model was constructed as follows:

LEy = C; + C + B1GDPPy + B,CPyy + B31S;e + BoUPLy + BsGOVie + &5 8)

where LE;; indicates the economic efficiency of the construction land for the city i in the
year t. Further, the main explanatory variables GDPP;;, CP, 1S;;, GOVy, UPLy, and GOV,
indicate the level of economic development, industrial upgrading, industrial restructur-
ing, urbanization, and potential government influence, respectively, for the city i in the
year t. C is the common intercept term and (; is the individual difference; in the model,
the intercepted item C + C; for each city shows its irrelevance to the change of time. It is
challenging to observe and reach a conclusion on how and to what extent the selected
variants can impact land use efficiency due to the complexity and individuality of each
city. &; is a random error term.

4.2. Results and Analysis

Figure 6 shows the percentage increase of explanatory variables, such as GDPP, coal
consumption CP, IS, GOV, and UPL, from 2006 to 2015.

YA QUAN CH GZHI \ HENG SH ZHOU JI HONG VU HENG XINZHOU L IANG

M Level of Economic Development GDPP

M Coal Consumption

Industrial Restructuring IS (% of value Added Generated by the Tertiary Industry to the Total GDP)

Government Influence GOV (% of Budgeted Government Expenditure to GDP)

M Urbanization Level UPL (% of Urban Population to the Residential Population in the City)

Figure 6. The percentage increase of explanatory variables such as GDPP, coal consumption CP, IS, GOV, and UPL, from

2006 to 2015.

As for GDPP, it had an increase of 50-150% for all cities, with Taiyuan achieving the
highest GDPP of 48,000 Yuan per capital and Xinzhou have the lowest of 16,000 Yuan per
capital in 2015. On the other hand, a reduction of coal consumption of between 7% and
65% for all cities was observed. Linfen had the highest consumption of coal at 4200 kg per
10,000 Yuan GDP generated in 2006, with 2600 kg for Taiyuan being the lowest. Both cities
improved by 2015, with 2200 kg for Linfen and just 1000 kg for Taiyuan. In regard to the
change of value added by the tertiary industry, there was an increase of 20% (Taiyuan) to
60% (Shuozhou). The percentage of value added by the tertiary industry to GDP varied
among those studied cities, with the highest being 61% for Taiyuan in 2015, which in-
creased from 50% in 2006. In contrast, Luliang had the lowest percentage of 26% and 37%
in 2006 and 2015, respectively. As for the government influence factor, the percentage of
government spending to GDP had increased up to 130% for Xinzhou and 50% for Taiyuan,
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with little variation for Jincheng and Shuozhou. The percentage increase of the urbaniza-
tion level varied between 9% (Taiyuan) and 43% (Yuencheng) among the 11 cities, with
Taiyuan at 81% and 84% for 2006 and 2015, respectively —the highest level for an urban-
ized city. Luliang was among the lowest urbanized cities, with 33% and 46% for 2006 and
2015, respectively.

The estimates using EVIEWS9.0 software for the random-effects model (model I) and
the individual fixed-effects model (model II) are shown in Table 6. The Hausman test re-
sults reject the random effect model, indicating the existence of an individual or time dif-
ference. Further tests followed on the constructed individual fixed-effects model (model
II). The redundant fixed-effects test showed the following: statistic value for F at 6.75,
which is significant at the 1% significance level. Therefore, test results from the individual
fixed-effects model (model II) suggest a reasonable fit with the regression analysis that the
F statistics are significant, and the hypothesis is found to be true.

Table 6. Panel data model on regression analysis of explanatory variables with land efficiency score.

Explanatory Variables Model I Model I
c 0.704 *** 0.616***
(8.189) (3.129)
0.055** 0.056 **
GDPP (2.575) (2.111)
cp 0.168 0.301
(2.726) (3.353)
Is —0.001 0.0046 *
(-0.568) (1.9117)
—0.002 —0.007
UPL (-0.991) (-1.599)
0.0017 0.0047 **
Gov (1.032) (2.553)
R? 0.09 0.534
F value Not Significant 7.2
HausmanTest Random Effect Declined -

Note: ***, ** * Indicates significance level of 1%, 5%, and 10%, respectively. The t value is shown in
brackets.

According to the regression results of model II using the Hausman estimator, the
determinants for the changes in urban land use efficiency in Shanxi Province are analyzed
as follows.

First, the economic development level coefficient expressed as GDPP at 0.056 was
positive and significant (at 5%), indicating that the level of economic development im-
proves urban land use efficiency. It is suggested by Chen et al. [11], Sun et al. [12], and
Yang et al. [13] that the urban economic agglomeration effect and the scale of urban econ-
omy effect could have played an important role in improving land use efficiency. Their
studies found that Western cities tend to have relatively low land use efficiency and dis-
covered higher land use efficiency for eastern areas, aligning with the distribution of eco-
nomic development in China.

Second, the output per unit energy consumption coefficient expressed as CP at 0.301
was positive and significant (at the 1% level). The upper grading of basic industrial struc-
ture in Shanxi Province, especially with the predominance of coal and heavy industry
structure and the comprehensive reform focusing on introducing energy-efficient technol-
ogy and general improvement of industrial technology, has inevitably contributed to the
increase in land use efficiency.

Third, the industrial restructuring (IS) coefficient was derived with a positive value
of 0.0046 at the significant level of 10%; nevertheless, the low coefficient value indicates
that the impact from the service industry was minimal for land use efficiency. Research
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results on the formulation of the third industry within the province suggest that tradi-
tional services—such as wholesale and retail, transportation and warehousing, real estate,
and the like—are still the major players, although the weighting of the financial industry
is rising year by year. Nevertheless, the weighting added by recent technological devel-
opment in the service industry, such as information transmission, software, and IT ser-
vices, is still comparatively low, with its highest contribution towards the tertiary industry
achieved at 6.8% in 2015. Therefore, for contribution improvement by the third industry,
the focus should be directed towards increasing the weighting of the latest technology
developments in the tertiary industry. This holds the key to enhanced land use efficiency
[11,13].

Fourth, the urban population level (UPL) coefficient was found to be negative at a
non-significant value of 0.007, indicating that the level of population urbanization in the
province has yet to form a population agglomeration effect. Additionally, its impact at its
current stage is negligible on urban land use efficiency. Further investigation of the urban
population density in Shanxi Province demonstrates the existence of differentiation in the
population density change. The cities with a decreasing urban population density during
the observation period are Datong, Yangquan, Yuncheng, and Linyi. This is especially
true for the case of Datong; its urban population density as the number of people per km?
was reduced to 9492 in 2015 from 13,134 in 2006. The contributing reason could be a rapid
expansion of land urbanization by enlarged urban areas in some cities, which lag behind
in population urbanization. This could lead to a decline in urban land use efficiency.

Last, the government influence (GOV) coefficient was positive at 0.0047 with a sig-
nificance level of 5%. The Provincial Government has adopted financial interventions to
accommodate industrial agglomeration, such as capital investment in improving urban
infrastructure construction, financial subsidy policies to support industrial development,
industrial upgrades and technological transformation, and establishing a specially-desig-
nated park construction zone. This proves to have positively impacted land use efficiency.

5. Conclusions

This study has provided a checkpoint for the policy assessment and guidance for
government policy-makers to further enhance the competitiveness and sustainability of
the province. The province should make continuous improvements to energy-efficient
technology, with further scope for the improvement of industrial structure, such as intro-
ducing policies to encourage the establishment of industries with high added value (e.g.,
high technology industry and financial services). In addition, the province should be pru-
dent in managing the process of population urbanization and industry urbanization. Fur-
thermore, the functional attributes of land use should be assessed by the urban planners
for creating reasonable, harmony, and sustainable city that integrates residential, com-
mercial, institutional, and industrial functions.

This paper studied the 11 prefectural cities in Shanxi Province and established an
index system to evaluate land use efficiency from an input-output perspective. Based on
the statistical data from 2006 to 2015, the changes in urban land use efficiency and total
factor productivity in Shanxi Province were measured before and after the comprehensive
reform on the transformation of the resource-based economy by applying the Bootstrap-
DEA and Bootstrap-Malmquist index method. The panel-data analysis model was also
constructed for exploring mechanisms and the dominant factors affecting the change of
land use efficiency. The key conclusions are summarized below.

First, during the examining period, the urban land use efficiency of Shanxi Province,
on the whole, formed a U-shaped change trend, with the bottom line observed in 2009-
2011 and an upward trend after 2012. However, the changes in land use efficiency among
cities are quite different. After the comprehensive reform, a significant increase in urban
land use efficiency has been observed for Taiyuan and Yangquan, whereas the decline in
Zhangzhou, Datong, Linfen, and Yuncheng has been significant.
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Second, the dynamic changing process of total factor productivity of urban land does
not appear promising. Before the comprehensive reform, productivity improvement had
only been noticed for a few cities in a particular year. In particular, a descending trend
was prominent for the overall level of total factor productivity after the comprehensive
reform, which can mainly be attributed to the lack of technological advancements.

Third, from the perspective of the attributing factors, economic development and in-
dustrial upgrading significantly positively impacted urban land use efficiency. Industrial
structure and government influence on economic transformation have an enabling influ-
ence, while the level of the urban population had a negative and less notable effect. This
explains why Taiyuan has the highest score of land use efficiency as a result of being the
capital city of the province, with the highest GDPP and value added by the tertiary indus-
try, and the least by coal consumption.

This research is useful for understanding, learning, and evaluating the utilization ef-
ficiency of allocated resources. Moreover, it holds potential significance for the State to
establish and adjust supporting policies in the future for resources-based cities, especially
when the State has further planned to deepen the province’s economic transformation.

With the challenges of the scarcity of resources, climate change, and an increasing
population, the improvement of technical efficiency driven by the reform and upgrading
of traditionally resource-based industries is insufficient to help improve of the total factor
productivity of urban land. In fact, the fundamentals for the improvement of land use
efficiency and total factor productivity are to foster and develop the modern tertiary in-
dustry and strategically emerging alternative industries and improve the quality of the
tertiary industry. However, in the resource-based cities, with limited capital resources,
combined with other factors, such as the lack of essential technological innovation, it is
even more important to introduce governmental policies to support implementing alter-
native strategic industries. From the perspective of land use, the blind expansion of the
urban land use scales not in synchronization with industry transformation will only lead
to inefficient land use. It is necessary to synchronize with transformation projects, develop
land stock, integrate existing industrial park zones, and improve the level of urban land
saving and intensive use to develop a future sustainable built environment.
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