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Abstract: High land use efficiency is the key to improving total factor productivity, and also an
important force behind achieving sustained economic growth. Existing studies have mainly focused
on the land use efficiency of the industry sector. Yet, the issue of land use efficiency of the service
sector (SLUE) has been largely overlooked. This study examines regional differences and efficiency
decomposition by using a slack based model (SBM) of undesirable output, and the Malmquist
productivity index (MPI) under a data envelopment analysis framework. The results reveal that:
(1) In China, the land use efficiency of the service sector is unbalanced, showing an inverted growth
law of “low in developed areas and high in backward areas”. (2) The land use efficiency of the service
sector can be decomposed into technical progress, pure technical efficiency, and scale efficiency. From
the decomposition results, the growth rate of pure technical efficiency presents a trend of “low in
the east and high in the west”; the scale efficiency also falls into the situation of weak group growth.
Technological progress has maintained steady improvement. (3) The coordinated improvement
of land use efficiency of the service sector needs to focus on resolving the “beggar-thy-neighbor”
issue caused by existing large regional differences. In this article, the puzzle of land use efficiency
differences in the service industry is well solved, and thus provides valuable enlightenment for the
benign growth of service industries in countries and regions around the world.
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1. Introduction

Land use efficiency (LUE) refers to economic benefits of each unit of land, which is an
important indicator to determine the efficiency of land allocation. With the acceleration
of urbanization, LUE plays a crucial role in urban operation efficiency and sustainable
development [1-3]. Sustainable development, first proposed in 1972, is an economic growth
model that focuses on long-term development. It refers to the development that not only
meets the needs of contemporary people, but also does not harm future generations to meet
their needs. It is one of the basic requirements of the Scientific Outlook on Development.
As an important type of urban land, land for the service section plays an important role
in the process of sustainable and high-quality urban development, carrying important
functions, such as improving urban management level, enhancing the overall function of
the city, improving the living environment, and promoting the optimization, integration,
and rational allocation of land resources [4-6]. As an indicator reflecting the degree of
scientific utilization of land for the service section, land use efficiency of the service sector
(SLUE) should be paid attention to and researched. SLUE, namely the land use efficiency of
the service industry, is an indicator that should be used effectively in the current resource
utilization. SLUE is an important issue that the service sector pays close attention to.

With the rapid development of urbanization, the high frequency exchange and drastic
transformation of urban land function attributes become a land use law of urbaniza-
tion [7-9]. Economic development oriented towards the service industry plays a unique
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role in the adjustment of urban land use structure and the transformation of urban land-
scape in China [10,11]. This leads to the large-scale expansion of land for the service
section. According to the China Urban Construction Statistical Yearbook, the area of service
industry construction land increased by 36% from 19,902.4 km? in 2011 to 27,092.5 km?
in 2017. Two intuitive facts are: (1) Urban sprawl is intensifying, urban boundaries are
extending, and a large amount of agricultural land is being converted into urban land [12],
especially land for the service section. (2) Industrial land in cities is gradually giving way
to land for the service section; more and more factories are moving out of cities. These facts
have much to do with the government’s regulation and control of land. On the one hand,
facing the incentive of economic performance assessment, local governments have a high
dependence on land finance. The government tends to seek more land transfer benefits by
arranging urban planning space and land planning indicators, which are important means
for the government to obtain financial revenue [11]. On the other hand, compared with
the manufacturing industry, the service industry is environmentally friendly and has a
high degree of land intensification. The supply of land for the service industry is more in
line with the demand under the dual pressure of land resource scarcity and environmental
pollution [13]. However, the transformation of land structure caused by the acceleration
of urbanization may lead to inefficient land use status, such as disordered land use and
fragmented land use [14-17]. In this context, it is urgent to study the spatial cooperative
improvement of SLUE.

At present, the research on SLUE is relatively scarce, but the research on LUE of other
land types can provide certain reference for us to measure SLUE. In terms of efficiency
evaluation methods, the Data Envelopment Analysis (DEA) and the Stochastic Frontier
Analysis are commonly used [12,18]. Among them, the DEA is a widely used method
in LUE evaluation because it does not need to set the form of production function and
can consider multiple inputs and outputs simultaneously [19]. With people’s increasing
attention to environmental issues, it has become a trend for LUE evaluation to include
undesirable output factors in the efficiency measurement [19,20]. Since the development of
China’s service industry still has the extensive characteristics of high emissions [21], the
measurement of SLUE should also consider environmental pollution and other undesirable
outputs. Compared with the defects of the traditional DEA model, the slack based model
(SBM) proposed by Tone [22] can not only handle the undesirable outputs, but also solve
the input-output slack issue in efficiency evaluation [19]. This model can measure efficiency
more accurately [23]. On this basis, the Malmquist productivity index (MPI) can describe
the change trend and evolution characteristics of efficiency [24]. Thus, the combination of
the SBM model of undesirable output and the Malmquist productivity index can accurately
measure SLUE and its dynamic trend under environmental constraints.

In terms of the measurement of regional differences, quantitative analysis methods
for the degree of regional differences mostly involve the Theil index [25], the Gini coef-
ficient [26], the kernel density estimation [27] and spatial autocorrelation [28]. The Theil
index, proposed by Theil [29], was first used to describe income differences among coun-
tries. Since it could measure the contribution of different types of differences to total
differences, it was later widely used to describe individual differences. From the perspec-
tive of research, many scholars discussed the regional differences of land use from the
perspectives of urban agglomeration [30], basin [31], and specific provinces [32,33]. In
reality, there is a significant regional difference in the economic output of land for the
service section. For example, the unit output value of land for the service section in Beijing
was nearly four times that of Xinjiang in 2017. Therefore, it is necessary to measure the
regional difference of SLUE. The division of four traditional regions in China provides us
with a research perspective.

In addition, in the selection of research objectives, existing research mainly focuses on
the measurement of the overall urban construction land efficiency [34], industrial LUE [35],
and agricultural LUE [36]. However, few studies have measured LUE from the perspective
of the service industry. As the service industry has the highest proportion of added value
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in GDP in China, it is necessary to measure SLUE and its regional differences. This raises
two challenges. First, can the distribution pattern and regional differences of LUE in
different provinces and four major regions of China be analyzed from the perspective of
the service industry? Second, what effective strategies can be used to improve both SLUE
and synergistic development in these regions? If these two problems cannot be solved in
time, the benign growth in terms of services will be hard to achieve.

The main objectives of this study are as follows: First, this article measures the SLUE
of 30 provinces in China and compares the differences between the provinces. Second, the
Malmquist productivity index method is used to decompose the SLUE and find the source
of the driving force that affects the spatial differences of the SLUE. Third, the Theil index
method is used to quantitatively analyze regional differences in SLUE and investigate the
size and source of regional differences in SLUE. Finally, this article proposes a differentiated
regional governance strategy to narrow the spatial differences of SLUE and reduce the
deadweight efficiency loss. The research of this article is expected to form and identify the
reasons behind the spatial differences in SLUE and the path to achieve spatial coordinated
promotion. Furthermore, theoretical support is provided for countries and regions at
different development stages that will help these areas to improve their SLUE. Therefore,
our efforts are beneficial in terms of filling the gaps in academic differences in related fields.

The remaining sections of this article are arranged as follows: Section 2 introduces
the model and data used in this paper. Section 3 analyzes the regional differences and the
dynamic trend and efficiency decomposition of SLUE. Section 4 provides a discussion of
the findings. Section 5 presents the research contributions and implications, and Section 6
presents the study’s conclusions and policy suggestions.

2. Methods and Data
2.1. Efficiency Assessment Model
2.1.1. The Global SBM-Undesirable Model

The DEA method, first proposed by Charnes et al. [37] in the United States, is a
commonly used model for measuring efficiency. The advantage of DEA is that there is no
requirement to set the specific form of function, and it can objectively evaluate the actual
production process of multiple inputs and multiple outputs [38]. Traditional DEA models,
such as the CCR (Charnes, Cooper, and Rhodes) [37] and the BCC (Banker, Charnes, and
Cooper) [39], do not consider the input-output slack improvements in angle and radial
selection, and they cannot accurately measure the efficiency with undesirable outputs.
However, within the background of resource and environment constraints, SLUE evaluation
should emphasize the coordination among the economy, resources, and the environment.
In addition to the single economic benefit indicators, the DEA’s evaluation indicator system
should also include ecological benefit indicators, such as the waste discharged in the
land use process of a service industry, and other undesirable outputs. With regard to
considering undesirable outputs, we hope to obtain as many desirable outputs as possible
while minimizing the number of undesirable outputs.

Compared with the defects of the traditional DEA model, the undesirable output SBM
model proposed by Tone [22] can not only solve the slack issue of variable in angle and
radial selection, but also accurately measure the efficiency with undesirable output. This
provides a new idea for the measurement of efficiency under environmental constraints [23].
In addition, due to the differences in production frontiers in different periods, the efficiency
measured based on the best production frontiers in different periods does not have in-
tertemporal comparability and circularity. The global DEA method proposed by Pastor
and Lovell [40] effectively solves this problem by constructing frontiers of production
technology based on global reference.



Land 2022, 11, 1911 40f19

Taking provinces as decision making units (DMUs), we assume that there are K DMUs.
Each DMU uses M inputs x;, to produce N desirable outputs y, and L undesirable outputs
b;. The global SBM-undesirable model is constructed as follows:

1,L% Sihy
— min Mmzl km
s*,s¥ 59 A 1 i L s
Hxr <nz Ten 2 B
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Xpm = L L MXpy TSm=12,--,M
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where s¥, > 0,5}, > 0, s? > 0,A? > 0. p is the efficiency of the unit being evaluated and
0 < p <1; (Xkm, Yin, b ) represents the mth input, nth desirable output and lth undesirable

output in the kth DMU, respectively. Also, (sfn, s%, s%’) represents the slack variables of
input, desirable output and undesirable output, respectively, and Aj represents the weight.

2.1.2. Malmquist Productivity Index (MPI)

This research further constructs the DEA-Malmquist productivity model to investigate
the efficiency evolution of land use in China’s service industry, based on a static analysis of
the global SBM-undesirable model. The Malmquist index between two periods t and t + 1
can be formulated as follows:

Dt(xt 1, Yt 1) Dt'H(xt 1, Yt 1)
M(Xtﬂlytﬂ,xt,yt) - \/< Dt(tft/yt;r . Dt+1 (J;Ct,]/t)+ @

where y represents the output vector, and x is the input vector; D is the distance function,
M refers to the Malmquist productivity index. The MPI is calculated as the relationships
between the distances of DMUs from technological frontiers. Also, MPI > 1 represents
improvements in SLUE, and vice versa. In order to identify the different components
that contribute to improvements in productivity, MPI can be decomposed into efficiency
change (EC) and technical change (TC) [41]. That is:

M1 Yerr X 1) = Dt (xt,yt) DY (x40, Y1) DN (x,y1) )

D" (x40, ye41) \/ D'(x¢11,ye41)  D'(xrye)
where the first term denotes the efficiency changes between the period t and the period
t + 1. This factor is called EC. Here, EC > 1 means that technical efficiency improves,
and vice versa. The second term denotes the technology changes between two periods.
This factor is called TC. In this case, TC > 1 means the technology has advanced, or
otherwise degenerated. According to the CRS and VRS decomposition of the traditional
Malmquist productivity index, we can further decompose efficiency change (EC) into
scale efficiency change (SE) and pure technical efficiency change (PTE) [39]. That is:
MPI = SE x PTE x TC. Details are as follows:

1
Dhgg(Xt11,Y141) / Dhg(Xei1,ve41) _ DERs (X4, vir1) /Diis (X1, Yer)

SE = 4)
Dégs(xt,yt)/ Dygs (xt,yt) DERS (xt,y1) / Db (xt,yt)
1
PTE — DyRs (Xe41, Y1) 5)

Dyrs(xt,yt)
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D%/Rs(xt/yt) % D%/Rs(xt-i-l/]/t—s-l)
Dils(xe,ye) Dy (xir1,yi41)

The SE component evaluates the effect of the change in scale of DMUs on their
productivity. The PTE component measures whether the DMU under evaluation is closer
to (or further away from) the frontiers of production technology. The TC component
indicates whether the frontiers of production technology have shifted over time. If the
value of any of the components is less than 1, it means regress; a value greater than
1 denotes progress, while a value of 1 implies a constant situation.

TC = (6)

2.2. Regional Difference Analysis

This paper uses the Theil index to measure regional differences in SLUE. Then, the
additivity of the Theil index is used to decompose the overall differences into intra-regional
differences and inter-regional differences. The smaller the Theil index is, the smaller
are the regional differences, and vice versa. Here, China is divided into east, central,
west, and northeast regions. According to Theil [29], Bourguignon [42], Cowell [43] and
Shorrocks [44], the Chinese SLUE Theil index construction and decomposition formulas
are defined as follows:

i=1
To= 1 (%§) < T 7)
o= 2 5 () s (%)

where T represents the overall Theil index, Ty, is the intra-regional Theil index, Tj, is the
inter-regional Theil index, and T = Tj, 4 T,. Suppose n provinces are divided into m groups;
ny represents the number of provinces in the k region (k=1,2,...... ,m); y; represents
the SLUE of i province, and v and y represent the average value of SLUE in the k region
and the whole region, respectively. Next, T is the overall Theil index in the k region. In
addition, the intra-regional contribution is the rate of the intra-regional and the overall
Theil index. That is: T,/ T; the inter-regional contribution is the rate of inter-regional and
overall Theil index. Thatis: T,/ T.

2.3. Dataset and Variables
2.3.1. Dataset

The SLUE of 30 provinces in China, from 2011 to 2017, was evaluated. Tibet, Hong
Kong, Macao, and Taiwan were excluded from the study sample due to a lack of data.
According to the traditional area partition method, China can be divided into the eastern
area, the central area, the western area, and the northeastern area [45]. Table 1 shows the
division according to the classification method of the National Bureau of Statistics of China.
Then, Figure 1 shows the visual distribution of the four regions in the research area. The
data in this paper are from the China Urban Construction Statistical Yearbook, provincial
statistical yearbooks, the National Bureau of Statistics, economic databases, and the Carbon
Emission Accounts & Datasets (CEADs). Among them, CO, data are directly from CEADs.

Table 1. Regional division in China.

Region Provinces, Municipalities, and Autonomous Regions

Beijing, Tianjin, Shanghai, Hebei, Shandong, Jiangsu, Zhejiang,
Fujian, Guangdong, Hainan

Central Henan, Shanxi, Anhui, Hubei, Hunan, Jiangxi

Gansu, Guizhou, Ningxia, Qinghai, Shaanxi, Yunnan, Xinjiang,
Sichuan, Chonggqing, Inner Mongolia, Guangxi, Tibet
Northeastern Liaoning, Heilongjiang, Jilin

Eastern

Western
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Figure 1. Visual distribution map of four regions in China.

2.3.2. Input and Output Variables

Indicators should be selected to fully reflect the economic, social, and environmental
aspects of urbanization [46]. Therefore, according to land use characteristics and existing
research results [47], this article constructs a SLUE evaluation index system with three
inputs and three outputs. Specifically, the input index must fully reflect the three factors of
land, capital, and labor, while the output index starts from the three aspects of economic
benefit, social benefit, and negative environmental effect.

The inputs include the area of built districts in the service industry, fixed capital stock
in the service industry, and the number of people in employment in the service industry.
Areas of built districts in a service industry include the following six types of land use:
(1) commercial and business facilities; (2) logistics and warehouse; (3) road, street and
transportation; (4) administration and public services; (5) municipal utilities; (6) green
space and square. The fixed capital stock of a service industry is calculated by using the
perpetual inventory method.

The outputs include value-added of tertiary industry, the average wage of employed
persons, and the amount of CO, emissions in the service industry. The value-added
of tertiary industry reflects the direct economic performance of land use in the service
sector. The average wage of employed persons reflects the social benefits obtained by the
service industry in the process of urbanization. Considering the availability of data, the
undesirable outputs mainly involve the CO, emissions from the land use processes of the
service industry. Table 2 shows the indicator system that has been constructed for this
article to measure SLUE.

Table 2. Indicator system for evaluating SLUE.

Category Indicator Specific Indicator Unit
Land input Area of built districts Square kilometers
Inputs Capital input Fixed capital stock 100 million yuan
Workforce input Employment 10 thousand persons

. Economic output Value-added of tertiary industry 100 million yuan

Desirable outputs -
Social output Average wage of employed persons Yuan

Undesirable outputs Environmental output CO, emissions Million tons
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3. Results
3.1. Temporal and Spatial Pattern of Regional Differences in SLUE

According to the results shown in Table 3, from 2011 to 2017, the SLUE showed an
upward trend in China, with a national average increase of 27.21%. Also, the SLUE of the
four major regions showed different degrees of growth. However, the overall SLUE in
China is still at a low level, at an average of 0.4258. The average SLUE values of the eastern,
western, central, and northeastern regions are 0.5554, 0.4556, 0.2500, and 0.2357, respectively.
Regardless of any year, the efficiency ratings in the eastern and western regions are much
higher than those of the central and northeastern regions. This finding indicates that there
is still a long way to go in terms of improving the SLUE in the central and northeastern
regions. In terms of regional differences, obvious regional differences do exist, and only
a few provinces have achieved high levels of efficiency. Among the 30 provinces, only
seven had SLUE values above the national average level. Of those seven provinces, five are
located in the eastern region, namely Shanghai, Beijing, Tianjin, Jiangsu, and Hainan. The
other two provinces are located in the western region, namely Qinghai and Ningxia. The
remaining 23 regions that do not exceed the national average level are mainly concentrated
in nine western provinces, six central provinces, and five eastern provinces. In particular,
the average efficiency ratings of provinces in the central and northeastern regions are lower
than the national average. These results intuitively show that large differences exist in
SLUE among China’s different regions. Moreover, one can clearly see that, whether looking
at the four major regions or just within the eastern and western regions in Figure 2, the
SLUE has obvious unbalanced distribution characteristics.

Table 3. SLUE in 30 Chinese provinces from 2011 to 2017.

Region Province 2011 2012 2013 2014 2015 2016 2017 Average
Eastern Shanghai 1.0000 1.0000 1.0000 0.9441 1.0000 1.0000 1.0000 0.9920
Beijing 0.7977 0.8166 0.8633 0.8823 0.9216 0.9428 1.0000 0.8892
Tianjin 0.6708 0.7204 0.8884 0.9019 0.9176 0.9413 1.0000 0.8629
Jiangsu 0.5164 0.5213 0.5616 0.5788 0.6548 0.8484 1.0000 0.6688
Hainan 0.5722 0.6034 0.6049 0.6586 0.5871 0.6829 0.7244 0.6334
Zhejiang 0.3381 0.3524 0.3768 0.4013 0.4328 0.4892 0.5666 0.4224
Fujian 0.3142 0.3397 0.3947 0.4081 0.4229 0.4481 0.4717 0.3999
Guangdong 0.2476 0.2592 0.2759 0.2653 0.2512 0.2456 0.2589 0.2577
Hebei 0.1907 0.2071 0.2221 0.2520 0.2731 0.2722 0.3168 0.2477
Shandong 0.0941 0.0964 0.1843 0.1987 0.2164 0.2368 0.2320 0.1798
Average 0.4742 0.4916 0.5372 0.5491 0.5678 0.6107 0.6570 0.5554
Central Jiangxi 0.3546 0.3602 0.3378 0.3492 0.3354 0.3565 0.3617 0.3508
Shanxi 0.2765 0.2811 0.2925 0.2992 0.2926 0.2878 0.3060 0.2908
Anhui 0.2704 0.2355 0.2344 0.2366 0.2455 0.2617 0.2709 0.2507
Hunan 0.2126 0.2494 0.2244 0.2295 0.2338 0.2451 0.2609 0.2365
Henan 0.1905 0.1907 0.1789 0.1836 0.1836 0.1978 0.2153 0.1915
Hubei 0.1471 0.1570 0.1812 0.1795 0.1996 0.1940 0.1983 0.1795
Average 0.2419 0.2457 0.2415 0.2463 0.2484 0.2572 0.2688 0.2500
Western Qinghai 0.8159 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.9737
Ningxia 0.8185 0.8933 1.0000 1.0000 0.9929 0.9795 1.0000 0.9549
Gansu 0.4457 0.4560 0.4119 0.4087 0.4154 0.4167 0.4191 0.4248
Yunnan 0.3239 0.3370 0.3999 0.4051 0.4514 0.4812 0.5343 0.4190
Xinjiang 0.4196 0.4246 0.3918 0.3877 0.3658 0.3555 0.3473 0.3846
Chonggqing 0.3324 0.3426 0.3540 0.3970 0.3893 0.4047 0.4218 0.3774
Guizhou 0.3557 0.3628 0.3582 0.3644 0.3639 0.3636 0.3643 0.3619
Shaanxi 0.2556 0.3156 0.3641 0.3502 0.3482 0.3881 0.3974 0.3456
Inner Mongolia 0.2722 0.2866 0.2866 0.2716 0.3035 0.3541 0.4128 0.3125
Guangxi 0.2341 0.2327 0.2971 0.2789 0.2840 0.2897 0.2966 0.2733
Sichuan 0.1704 0.1790 0.1782 0.1904 0.2025 0.1826 0.1856 0.1841
Average 0.4040 0.4391 0.4584 0.4594 0.4652 0.4741 0.4890 0.4556
Northeastern Jilin 0.2874 0.2974 0.3220 0.3523 0.3262 0.3398 0.3699 0.3279
Heilongjiang 0.2131 0.1995 0.1987 0.1998 0.1980 0.2003 0.2184 0.2040
Liaoning 0.1496 0.1544 0.1712 0.1682 0.1825 0.1917 0.2104 0.1754
Average 0.2167 0.2171 0.2306 0.2401 0.2356 0.2439 0.2662 0.2357
Nationwide  Average 0.3763 0.3957 0.4185 0.4248 0.4331 0.4533 0.4787 0.4258
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Figure 2. Spatial and temporal distribution and evolution trend of SLUE in China.

Furthermore, Figure 3 plots the dynamic density distribution variations of the SLUE

index for the whole country and the four regions in 2011, 2014, and 2017. This is used to
track the changes in SLUE over time. Nationally, SLUE values were mainly concentrated
between 0.2 and 0.4. In addition, the density function curve has the characteristics of
moving to the right, with the left peak falling and the right peak moving upward. This
indicates that the average value of national SLUE trended upward from 2011 to 2017. At
the same time, SLUE in the four regions showed a trend of improvement. There are also
great development differences, both between regions and within regions. The analysis
results are consistent with the above.
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Figure 3. Distribution of SLUE density by region.
3.2. The “Beggar-Thy-Neighbor” Situation in the SLUE Regional Differences

According to the above analysis, SLUE in China has obvious characteristics of un-
balanced regional development. In order to further explore the sources of this unbalance,
the Theil index is used to measure the regional differences of SLUE in China, as shown
in Figure 4. The results show that the overall regional differences in Chinese SLUE have
narrowed; the intra-regional differences are the main source of the overall regional differ-
ences, and the intra-regional differences in the eastern and western regions have made an
important contribution to the intra-regional differences.

First, as shown in Figure 4a, the SLUE’s Thiel index fell from 0.1627 in 2011 to 0.1601 in
2017, with regional differences rising in 2012 and then slowly declining. Second, with regard
to the sources of regional differences, as shown in Figure 4b, the overall regional differences
of SLUE in China mainly come from intra-regional differences, with the contribution rate
remaining at between 65.00% and 78.00%. Both the overall regional differences and the
intra-regional differences of SLUE show the same decreasing trend of fluctuation, while
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the inter-regional differences show an increasing trend. The contribution rate of intra-
regional differences to the overall regional differences of SLUE is always greater than
that of inter-regional differences. This result indicates that it is difficult for inter-regional
differences to become the decisive force affecting the overall regional differences of SLUE
in a short time. Therefore, narrowing the intra-regional differences is the main path to
further realizing the coordinated development of regional SLUE. However, attention must
still be paid to changes in inter-regional differences. Finally, the regional contribution of
intra-regional differences is further analyzed through the decomposition of the sources
of intra-regional differences. As shown in Figure 4c, the intra-regional differences are
relatively large. The intra-regional differences in the eastern and central regions show an
unstable state over time, while the intra-regional differences in the central and northeastern
regions are relatively stable. In general, the eastern and western regions contribute the
most to the intra-regional differences, while the central and northeastern regions contribute
less to the intra-regional differences.
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Figure 4. Spatial differences and contribution rates in SLUE in China. (a) Variation trend in the Theil
index in China; (b) Contribution rates of Ty, and Tj,; (c) Contribution rates of regional differences.

3.3. Dynamic Trend and Efficiency Decomposition of SLUE in China

The above analysis is only a static comparative study of SLUE. In order to further
explore the trends and sources of SLUE changes in different periods in China, we calculated
the MPI of land use in the service sector and its decomposition index to observe whether
a positive catch-up effect of land use in the service sector exists in different provinces
concerning technology and scale. The results are as shown in Table 4 and Figure 5.
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Table 4. Annual growth rate of MPI, TC, PTE, SE in 30 provinces of China.
Province MPI TC PTE SE Province MPI TC PTE SE
Guangxi 14.3 3.8 9.9 0.2 Sichuan 1.5 2.8 0.5 -1.7
Jilin 12.6 3.3 10.1 —-0.9 Chongging 0.6 42 -2.1 —-1.4
Hunan 11.7 3.7 7.4 0.2 Henan 0.5 2.7 2.0 —4.0
Shanxi 10.6 4.4 3.8 21 Shandong 0.1 3.8 —4.8 1.3
Gansu 9.3 5.1 6.0 -1.8 Anhui 0.0 2.3 -35 1.2
Liaoning 8.7 3.4 4.0 1.0 Inner Mongolia 0.0 3.1 0.9 -39
Jiangxi 8.2 3.1 4.8 0.2 Hainan —-0.4 34 —5.4 1.8
Zhejiang 6.4 4.7 15 0.1 Heilongjiang —0.5 4.0 —0.2 —4.1
Ningxia 4.0 4.0 0.0 0.0 Xinjiang —0.6 3.9 —24 -1.9
Guizhou 3.8 2.6 0.1 1.1 Shaanxi -0.7 3.9 -3.8 -0.7
Tianjin 3.1 3.1 0.0 0.0 Jiangsu —-14 1.5 -1.6 -1.2
Qinghai 3.1 3.1 0.0 0.0 Shanghai -2.1 29 —-3.5 —-1.4
Hubei 2.6 3.3 5.2 —5.6 Hebei -2.1 2.2 —4.1 —-0.2
Yunnan 2.0 3.1 0.2 —-13 Beijing —-3.5 5.0 —8.0 —-0.1
Fujian 1.9 32 -19 0.6 Guangdong -85 2.7 -95 -15
8.0% -
u MPI TC PE SE
6.0% 4
4.0% 4
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Figure 5. Drivers of SLUE growth by region.

Table 4 shows that the overall allocation of land use related resources in the service
sector is reasonable, but it is unbalanced in terms of regional growth. Low-efficiency regions
are shown to have a positive catch-up effect, while some high-efficiency regions fall into
negative growth. From 2011 to 2017, the national SLUE growth rate trended upward, with
an average annual growth rate of 2.70%. Except for the negative growth in the eastern
region, the other three regions showed positive growth. Among them, northeastern China
ranked first in growth, with an annual growth rate of 6.93%, followed by the central,
western, and eastern regions, with annual growth rates of 5.60%, 3.39%, and —0.65%,
respectively. Specifically, the SLUE of most provinces in China showed positive growth.
Provinces with low efficiency, such as Hunan, Liaoning, and Hubei, are shown to have
a positive catch-up effect. In addition, nine provinces also fell into negative growth; the
average efficiency of four of the nine provinces, namely Beijing, Shanghai, Jiangsu, and
Hainan, was greater than the national average. From the perspective of spatial distribution,
six of the nine provinces are from the eastern region, showing that SLUE in the eastern
region is in a state of weak growth. In short, China’s SLUE trended upward while remaining
at a low level. At the same time, SLUE in China has experienced unbalanced regional
development, showing an inverted growth law of “low in developed areas and high in
backward areas”.
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The structural composition of SLUE shows that, during the study period, all provinces
had positive growth in technological progress, while most regions are in the double
dilemma of pure technical efficiency and scale efficiency deterioration. With regard to
technological progress, the average annual growth rate of China and the four main regions
all maintained steady improvement. The growth rate of pure technical efficiency presents a
trend of “low in the east and high in the west”. With the exception of the negative growth
experienced in the eastern region, the other three regions had a positive growth trend. Ev-
ery region faces the severe situation of weak growth of scale efficiency, and is deteriorating
to different degrees. Among them, the northeastern region deteriorated the most. As can
be observed in Beijing, Shanghai, Guangdong, Chongqing, and other developed regions
where the service industry is widely concentrated, scale efficiency showed a downward
trend. In addition, one can find that the fluctuation of scale efficiency is weak. One possible
reason for this finding is policy stability.

4. Discussion
4.1. Spatio-Temporal Distribution of SLUE

In this study, the undesirable output SBM model was used to measure the SLUE of
each province and the four major regions in China. As shown in Table 3 and Figure 2,
SLUE in China presents unbalanced distribution characteristics. Most of the efficient
provinces are located in the developed eastern regions and a few western regions. Among
them, Shanghai, Beijing, Tianjin, Qinghai, and Ningxia are relatively stable in high-value
regions. The allocation of capital, labor, and land in the service industry in these provinces
is relatively reasonable. Therefore, the SLUE in these provinces has always been in the
forefront of the region. Among them, due to the developed service industry, high level of
industrial agglomeration, and dense population, the intensive degree of land for the service
section in the eastern region is relatively high. It is worth noting that, although Qinghai and
Ningxia are located in the western regions with relatively backward economic development,
the SLUE of these regions is relatively high. The possible reasons for this finding are that
although the speed of economic development in these regions is relatively slow, the land
for service section is better able to meet the needs of economic development. Therefore,
the development speed of the urban service industry is relatively synchronized with the
region’s economic development speed. Most of the inefficient provinces are located in the
central and northeastern regions, such as Liaoning, Hubei, and Henan, and the potential
for the intensive use of land resources in the service sector needs to be further explored.
The land supply of the service industry in these areas is sufficient, but the vitality of the
stock land is not enough, and the incremental land use is decentralized, leading to the low
SLUE. However, as one of the four major municipalities, Chongqing is relatively poor in
terms of land use in the service sector. One reason is that Chongqing has a high proportion
of secondary industry and lacks innovation power [48].

4.2. Regional Differences of SLUE

This paper uses the Theil index to further explore the regional differences in SLUE
and their sources. As is shown in Figure 4, intra-regional differences are the main source of
regional differences. The large intra-regional differences in SLUE lead to significant regional
differences, which can be further explained from the “beggar-thy-neighbor” perspective of
land use in the service sector. Similar to Gao et al. [49], we believe that advanced service
regions or developed regions may siphon off superior resources in adjacent regions. Such
actions intensify the vicious competition between adjoining regions, and lead to a decline
of LUE in these regions. However, the vicious competition for service resources in adjacent
areas will aggravate the differences between regions. Therefore, resolving the “beggar-thy-
neighbor” problem of SLUE is the key to realizing the coordinated improvement of spatial
utility. The “beggar-thy-neighbor” issue of SLUE refers to the fact that the performance
of regional SLUE is often subject to the region’s adjacent central cities; the crowding out
effect is also formed to transfer inferior resources to adjacent regions. For example, the
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IT service sector in India is concentrated in first-tier cities, such as Bangalore and New
Delhi. The industry attracts superior resources to the metropolises and further aggravates
resource differences [50]. In fact, the reverse situation can be explained by the siphon effect.
The siphon effect refers to the ability of a city to attract superior resources from adjacent
small cities [51], thereby crowding out inferior resources. The siphon effect results in the
centralization of land for service section supply due to the regional aggregation capacity of
urban resources. Meanwhile, the land for service section in the adjacent area tends to be
relatively scattered and less intensive. That combination of factors leads to low LUE, thus
exacerbating the imbalance of SLUE in the region.

4.3. Dynamic Trend of SLUE

The results of MPI and its decomposition index show the variation trend and source
of SLUE. As is shown in Table 4 and Figure 5, it was found that the growth rate of pure
technical efficiency shows a trend of “low in the east and high in the west”, and scale
efficiency also belongs to the situation of weak group growth. As is well known, the eastern
region is most developed in China, while the western region is relatively backward [52].
However, the pure technical efficiency and scale efficiency of land use in the service sector
in the eastern region trended downward during the study period, while the pure technical
efficiency in the western region increased slowly. This finding seems to be contrary to the
level of economic development. This phenomenon is worth pondering. One reason for this
finding may be that, as a large number of service factors are concentrated in the eastern
region, the negative utility generated by the unreasonable management and utilization
of land for the service section offsets the positive effect brought by high quality technical
bases and factors. In recent years, with the transfer of many industries from eastern China
to western China, the western region can promote economic growth and attract the inflow
of high-end technologies by taking in these industries [53]. This same approach could also
promote the improvement of SLUE.

In addition, the scale efficiency of land use in China’s service sector generally shows
a downward trend. This article further analyzes this phenomenon from the perspective
of the excessive agglomeration of the service industry. Some scholars [54] believe that
the factor behind the decline of scale efficiency in the service industry is the insufficient
agglomeration of factors. However, this view does not apply to developed regions, where
the service industry is highly developed and agglomerated. For example, the high degree
of agglomeration of the service industries in Beijing, Tokyo [55], and Silicon Valley [56] has
produced adverse reactions. The high agglomeration of the service industry in developed
regions is currently an issue that needs to be addressed. Excessive agglomeration of a
service industry means that, with the acceleration of urbanization, the service industry
is highly concentrated in several regions, and presents an efficiency loss mode of a high
attrition rate, fast rotation rate, and short periodicity. Those conditions will make it difficult
for the service industry to play the role of scale economy in the process of land use. The
strong economic foundation of developed regions attracts a large-scale inflow of population
and resources, and industries are more likely to show the characteristics of agglomeration
development. However, the people flowing to these regions need the support of the service
industry. Yet, due to rapid population growth, the service industry’s supply speed can
easily lead to a situation of excessive growth under the pressure of enormous demand. This,
in turn, results in a series of negative situations, such as the excessive agglomeration of the
service industry. At present, Beijing, Shanghai, Guangdong, and other developed regions
in China have fallen into the dilemma of scale efficiency deterioration. This conclusion
can provide a warning for Silicon Valley in the United States, Tokyo in Japan, and other
high-agglomeration regions of service industry in the world. For backward regions, the
scale of service industry agglomeration is still not high. Owing to the resource endowment,
rapid urbanization expansion, and the orientation of government policies, it is difficult to
form a reasonable layout of factors and achieve the orderly development of the service
industry in these regions. For example, in order to pursue urban expansion, Ethiopia
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transferred some farmland to urban commercial, residential, and other land use in the
service sector. However, this type of land for the service section is not fully utilized [57,58].
Therefore, these regions have large growth space in scale efficiency.

In fact, the continuous reduction of scale efficiency may be related to the regional
differentiated land supply policy. Land supply policies favoring the central and western
regions lead to spatial misallocation of land resources [59], which hinders the improvement
of scale efficiency. The same is true of SLUE. From 2011 to 2017, compared with the average
value of the central and western regions, the average annual growth rate of land area
of the service industry in the eastern region was nearly 0.5 times that of the central and
western regions (China Urban Construction Statistics Yearbook). For backward areas, the
rapid expansion of land for the service industry aggravates the situation of disordered
and fragmented land use. Because this decentralized land use mode difficultly exerts
the agglomeration effect on the service industry, the loss of scale efficiency is inevitable.
Especially in areas with population outflow, such as northeast China, the redundancy
of land for the service industry makes it difficult to form economies of scale in land use,
leading to inefficient use of land for service industry. Moreover, the disordered land use will
also result in an invalid matching between the supply of land resources and the production
efficiency [59]. The aggravation of land resource mismatch will further lead to excess land
supply or overcapacity [5], which will inhibit the improvement of SLUE. In fact, the large
supply of land will also lead to the repeated construction of homogeneous industries [60],
which will form a dependent path for inefficient land use in the service industry. For
the eastern region, although there is a high degree of intensive land use for the service
industry, the excessive agglomeration of the service industry hinders the scale effect due to
insufficient land supply.

5. Research Implications and Research Contributions
5.1. Research Implications

The evaluation of SLUE in this paper has rich practical significance for the optimization
of land management systems and related policies, the layout planning of the service
industry, cross-regional coordination and interaction, and the equalization of services.

We thus examine the promotion of the optimization and improvement of land man-
agement systems and related policies. Through accurate evaluation of the SLUE in
30 provinces, this paper captures the real situation of the SLUE of each region, and dis-
covers the unreasonable situation of the land resource distribution of the service industry
in China. The above analysis provides valuable data reference for further improvement
of the land management system and related policies. The improvement of land systems
and related policies is conducive to reducing idle land waste, revitalizing the stock of land
resources, and thus improving SLUE.

We also examine the promotion of the scientific layout of the service industry devel-
opment plan. Based on the analysis of SLUE in 30 provinces, this paper further discusses
the dynamic evolution trend and efficiency decomposition of SLUE in each region, and
fully explores the regional characteristics of the service industry. The above analysis pro-
vides scientific reference for the government in the inter-regional and the intra-regional
development norms of the service industry, and then puts forward targeted development
planning suggestions for the service industry. Urban development in developed areas
should formulate a set of long-term service industry layout plans. A pattern of multiple
agglomeration regions should be formed instead of multiple scattered points. In this way,
the development of the service industry can avoid falling into a situation of having too
high a local agglomeration level. The inefficiency of service industry land caused by too
many scattered points could also be avoided. The promotion of SLUE in backward areas
should focus on solving the medium- and long-term spatial layout problem so as to form an
intensive and efficient mode of service industry agglomeration. Moreover, the development
quality of the service industry cannot be measured only by superficial indicators, such as
the increase of the proportion of the service industry and the expansion of service industry
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scale. Finally, an effective plan will avoid the occurrence of low-level circular lock and the
excessive agglomeration of the service industry.

We also examine the promotion of the establishment of services across the regional
coordination and interaction mechanism. In this paper, the source of regional disparity in
SLUE is deeply discussed, and the results show that the intra-regional disparity in SLUE
is quite serious. The above analysis provides directional guidance and policy reference
for the establishment of an institutional coordination mechanism for the service industry,
and helps to ensure the effective implementation of a scientific development plan for the
service industry. At the same time, this paper puts forward some practical suggestions
for the establishment of cross-regional coordination and interaction mechanism within the
service industry. In the process of service industry development, the layout of the regional
industrial structure should be optimized, and the integrated development between regions
should be strengthened according to regional resource endowments and geographical
location. Through the industrial division of labor and cooperation, the complementary and
dislocation linkage development of interregional industries can be promoted. Also, inferior
repeated construction and homogeneous competition of service industries must be avoided
so as to weaken the negative impact of the siphon effect and to improve SLUE.

We also examine the promotion of the service industry development policy of “bal-
ance”. To realize the sustainable improvement of SLUE, it is necessary to actively cultivate
labor force with advanced technology and management experience. Taking into account
the differences between developed and backward regions, a “balanced” development
policy needs to be fully considered. For example, a relative equalization of urban capital
and technology support policies will further encourage the transfer and agglomeration of
superior production factor resources, such as knowledge, technology, and innovation, to
relatively backward regions [61]. This would be conducive to the intensive development of
land use in the service industry, and would thus narrow the regional differences in SLUE.

We also examine the promotion of the service industry growth pole to nurture and
develop competitive advantage. This paper focuses on the low-efficiency areas of land
use in the service sector, compares and analyzes the high-efficiency areas, and seeks the
catch-up path for the low-efficiency areas according to their own factors. Low-efficiency
regions need to focus on building their own service industry levels and characteristics,
attracting and retaining more and superior production factors with their own advantages,
and accelerating the agglomeration of production factors. By constantly absorbing the
superior resources of adjacent high-efficiency regions, they can catch up with those high-
efficiency regions and form the advantage of backwardness.

5.2. Research Contributions

This study is an early literature on the land use efficiency gap in the service industry.
The imbalance of regional development in China provides a good model for the study
of the spatial land use efficiency gap in the service industry. We innovatively evaluate
the SLUE of 30 provinces and four regions in China, which makes for a very rich sample.
In addition, we have adopted a good measurement method, combining the SBM model
of undesirable output with the Malmquist productivity index. This combined method
can better overcome the incomplete problem of index construction and the research of
spatial-temporal dimensions.

This article provides some valuable implications for the SLUE improvement problem,
particularly given the increasing shortage of industrial land all around the world. First,
developed countries and regions should pay more attention to the low efficiency of land
use caused by the excessive agglomeration of service industries. Meanwhile, developing
countries and regions should focus more on the transformation of technology application
and the spatial optimization of service industry layout so as to avoid some unnecessary
efficiency loss. Second, for the coordinated improvement of SLUE, countries need to pay
attention to the “beggar-thy-neighbor” problem caused by the large differences within a
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region. These practical contributions will provide important enlightenments for a new
pattern of service industry development in the future.

6. Conclusions and Limitations

This article evaluates the SLUE of 30 provinces from 2011 to 2017 in China using the
SBM model of undesirable output and the Malmquist productivity index. Then, the regional
differences are further investigated, and suggestions are made for the regional collaborative
improvement of SLUE. The main conclusions are as follows: (1) The SLUE in China presents
obvious unbalanced distribution characteristics; the SLUE in the eastern and western region is
also much higher than that in the central and northeastern regions. Further analysis shows
that obvious regional differences exist in Chinese SLUE, and the intra-regional differences are
the main source of overall regional differences. (2) From 2011 to 2017, China’s SLUE generally
achieved positive growth, with an average annual growth rate of 2.70%. The SLUE of the
four regions shows an inverted growth law of “low in developed areas and high in backward
areas”. (3) The SLUE is decomposed into technological progress, pure technical efficiency,
and scale efficiency. From the decomposition results, technological progress is shown to have
maintained steady improvement. The growth rate of pure technical efficiency presents a
trend of “low in the east and high in the west”, while the scale efficiency shows a downward
trend in the four regions. (4) Finally, the study discusses the path of SLUE, with a view to
achieving collaborative improvement. The coordinated improvement of SLUE needs to focus
on resolving the issues in large differences within regions and also on reduced scale efficiency.

However, some research limitations remain. First, evaluating SLUE at the provincial
level is relatively macro. Future studies could add some micro-evidence at the enterprise
level. In particular, what kind of internal structure exists in the loss of land use efficiency
within service enterprises? This question should be thoroughly investigated and answered.
Second, this study only calculates the LUE of the overall service industry during the
period from 2011 to 2017. Future studies could be expanded to sub-sectors of the service
industry, as well as a longer time horizon. In addition, as the trend of industrial integration
intensifies, the interaction between service and manufacturing industries will become
increasingly stronger. There will be some linkage laws between SLUE and the efficiency of
manufacturing land, which is another research direction for the future.
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