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Abstract: In this paper, a land utilization efficiency evaluation model, which takes environmental 
loss into consideration, has been structured via taking advantage of the slack-based measure (SBM) 
model. Meanwhile, based on the panel data from 280 prefecture-level cities in China from 2003 to 
2013, the paper thoroughly probed into, and discussed, the effect imposed by industry clustering 
and specialization on the utilization efficiency of urban land. Research results indicate several 
conclusions, as follows: (1) Taking environmental loss into account, the land utilization efficiency 
of prefecture-level cities in China is generally low. During the research period, the average value 
of the land utilization efficiency of prefecture-level cities in China is only 0.349, with, first, a 
declining trend, and then a rise. Geographically speaking, the land utilization efficiency presents a 
“depression in the center” phenomenon which means the land utilization efficiency of 
prefecture-level cities in the central China are relatively lower than in the east and west. Now, the 
difference among the urban land utilization efficiency in China significantly reflects the 
distinctions among Eastern, Western, and Central China. Moreover, the contribution degree of the 
difference of the land utilization efficiency among cities of central China to the aggregation 
difference shows an ascending momentum. Additionally, the relation between the population 
scale and land utilization efficiency in cities manifests as a U shape; (2) theoretically speaking, the 
relation between industry clustering and urban land utilization efficiency presents an inverted-U 
shape. However, this kind of relation is not significant in Western and Central China and 
medium-sized cities. Moreover, most of cities are still relatively far away from the inflection point 
or the critical value; and (3) the industry professional level has imposed a positive influence on 
urban land utilization efficiency. However, that influence is not significant in Eastern China and 
large cities. Consequently, strengthening the industry professional development of Western and 
Central China and small and medium-sized cities, facilitating diversified development of 
industries in Eastern China and large cities, and accelerating industrial clustering, all of these 
measures above will be conducive to improving urban land utilization efficiency in China. 

Keywords: SBM model; industrial specialization; industrial clustering; urban land utilization 
efficiency 

 

1. Introduction 

The development path of new-style urbanization and industrialization is a crucial supporting 
point for continuous growth of China’s economy. Urban land is the spatial carrier of the economy, 
society, and environment of cities [1]. However, blind and mindless urban expansion has also 
generated a series of issues for China in terms of land utilization, such as construction land increase 
and the threat of the warning limit of arable land, the tension of development land and regional 
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land idleness, the dislocation of industrial layout, the waste of land resources, and so on. Therefore, 
seeking approaches of improving land utilization efficiency is significantly vital to new-style 
urbanization development in China. 

Urban land is considered as the spatial carrier of industry clustering development. Moreover, 
industries are the source of power for urban development. Hence, facilitating the integrated 
development of urban cities and industries will help to effectively achieve sustainable development 
of the economy and society. Additionally, the integration of urban land and industries is also the 
process of industrial clustering, which presents two aspects, namely, the clustering of the total 
quantity of industries and the structure of industrial clustering (there are two forms of the structure 
of industrial clustering, namely, industrial specialization and diversification). In real life, it can be 
discovered that different cities with various industrial clustering, and their according clustering 
structures, will have significantly distinct land utilization efficiency. However, there are few theses 
discussing this phenomenon. 

Concerned with the interactions and relations between industry clustering and urban economic 
growth and the environment, existing studies show that there are two different phases [2–3]. The 
first phase is where industry clustering is conducive to scaling the economy, closely linking related 
enterprises, which will contribute to making use of the learning effect, facilitate spillover of 
technology and knowledge, enhance economic increases, improve resource utilization efficiency, 
and reduce polluted emissions. Another phase will come when the degree of industry clustering 
exceeds the optimal urban economic scale. This situation will bring about a crowded effect and 
increase the consumption of raw materials which will hinder economic growth and exacerbate 
environmental pollution. Therefore, it is clear that there may exist similar development phases as 
above for the relation between industry clustering and urban land utilization efficiency. 

Since the 1980s, with constant development of the new economic growth theory, urban 
economic scholars started to focus on the effect of industry clustering structure (namely, industry 
specialization and industry diversification) on the urban economy. Subsequently, two different 
points of view have been generated as follows [4-6]: On one hand, some scholars believe that local 
industry specialization will significantly facilitate knowledge spillover and enhance economic 
growth, and this point of view is considered as MAR spillover①. On the other hand, others hold that 
industry diversification will be more conducive to knowledge spillover and economic growth, 
which is called Jacobs spillover. Therefore, it can be found that the industry clustering structure, via 
knowledge spillover, imposes influence on urban land utilization efficiency. However, there are few 
studies probing into which kind of knowledge spillover is more important, the one caused by 
industry specialization, or the one brought about by industry diversification.   

In conclusion, there may be a non-linear relation between industry clustering and land 
utilization efficiency. Additionally, it has been discovered that the industry clustering structure, via 
knowledge spillover, imposes influence on urban land utilization efficiency. However, given the 
context of China’s situation, the practical influence should be discussed further. 
2. Measurement of Land Utilization Efficiency 

2.1. Measuring Methods of Land Utilization Efficiency 

In recent years, the Data Envelopment Analysis (DEA) method has been frequently adopted in 
 
① MAR spillover comes from Marshall (1890), Arrow (1962) and Romer (1986, 1990)’s contribution and stresses 

the externalization of localization with the core idea of specialization spillover. 
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plenty of research literature in order to discuss and research land utilization efficiency [7-10]. 
Through using DEA, the essential characteristics of land utilization have been fully taken into 
consideration, and land utilization has been considered as an input-output system. Meanwhile, 
there is no need to presume a certain production function for DEA, and there will be no influence 
from the dimensional unit; therefore, resulting errors caused by function setting and index weight 
setting can be avoided [11-13].  

Currently, the studies employing DEA to evaluate the urban land utilization efficiency possess 
features as follows: At first, based on the perspective of input and output variables, land, capital, 
labor, etc., have been regarded as input elements. Meanwhile, GDP, industry production value, and 
so on have been considered as output variables. Secondly, focusing on research methods, it can be 
discovered that the BCC and CCR models of the DEA approach have been adopted in most studies 
[8-15], while the super-efficiency DEA [16] and bootstrap-DEA [17] approaches have been utilized 
in a few cases. However, during the process of industrialization and urbanization in China, due to 
the spread of extensive development patterns, tremendously fast economic growth has been 
achieved with the heavy costs of excessive resource consumption and environmental deterioration. 
Consequently, when land utilization efficiency is being evaluated, it is debatable, in terms of output, 
to only take GDP and industry production value into account, neglecting resources and 
environmental constraints. Thus, there is room for further improvement. 

Scholars have made various attempts in order to make use of the DEA method to measure the 
economic efficiency considering undesirable output. In the existing literature, there are several 
methods which have been adopted in order to bring environmental factors into the economic 
efficiency model analysis; for instance, the method [18] which sets undesirable outputs as the input 
elements, the hyperbolic method [19], and the method [20] which takes undesirable outputs as 
output elements. Among those, the method which considers environmental emissions as 
undesirable outputs and then brings them into the production process has been widely applied [21]. 
For example, Chung et al. have incorporated polluted emissions into the production process and 
proposed the analysis model of environmental regulation behavior, which is based on a directional 
distance function, and this model preferably tackled the efficiency evaluation issue of undesirable 
output [22]. Nevertheless, this kind of directional distance function is a radial and oriented DEA 
model when it is applied to evaluate efficiency, which cannot completely take the slackness of the 
input and output into consideration. At the same time, it is necessary to make input-oriented or 
output-oriented choices; namely, a certain aspect, either output or input, may be ignored. 
Furthermore, there may be errors in the measured efficiency value [23]. In order to deal with the 
issue above, Tone has proposed a non-radial ad non-oriented slack-based measure (SBM) model. 
Therefore, in this paper, environmental loss has been included and considered in the evaluation 
system, and the SBM model has been adopted to measure the land utilization efficiency of each 
prefecture-level city. In this paper, each city has been regarded as a DMU (decision-making unit). It 

has been assumed that there are m different kinds of input 
1(,xx xR=⋅⋅

in every single DMU 

1 +( , , ) m
mx x x R= ⋅⋅⋅ ∈ , and it will generate n different kinds of desirable output 

1 +( , , ) n
ny y y R= ⋅⋅⋅ ∈ yyyRand k different kinds of undesirable output 1 +( , , ) k

kb b b R= ⋅⋅⋅ ∈ . Subsequently, 

the input and output value of province j in  period t can be represented by , , ,( , , )j t j t j tx y b . 

Consequently, the production possibility set measuring the land utilization efficiency can be 
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structured as follows: 
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Especially, x , y , b are, respectively, the slacks quantity of input, desirable output, and 

undesirable output.
jλ is the weight vector quantity; if the sum of

jλ is equal to 1, it signifies a 

variable return scale (VRS), otherwise it means a constant return scale (CRS). VRS has been selected 
in this paper given the law of scale return of land input and output. The larger the target function 

of *ρ , the more efficient the evaluation unit is, and *0 1ρ≤ ≤ . In addition, * 1ρ < means that the 

evaluation unit is inefficient, and there is room for improvement of the output and input. 

2.2. Index selection and Data Processing 

Based on the statistical analysis principle of comparability and feasibility, thoroughly and 
comprehensively considering data availability, 280 prefecture-level cities from 2003 to 2013 have 
been selected for the research②. The data mainly derives from the China City Statistical Yearbook and 
China Urban Construction Statistical Yearbook over the years, and it also comes from the statistical 
yearbook of every province, city, and municipality in the related years. Part of the missing data has 
been complemented by the interpolation method.  

 
② This paper selects 280 cities except Chaohu, Hefei, Bijie, Tongren and Lhasa city as the research subjects in 

order to conduct feasible comparison. This is due to the reasons: (1) Chaohu city was adjusted as county-level 

city and was administrated by Hefei city, where may have the problem of overlapping data. Therefore, data of 

Chaohu and Hefei city are excluded; (2) statistical caliber are not consist in Bijie city and Tongren city as they 

were set up in 2011; and (3) Lhasa is excluded as a lack of data. 
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2.2.1. Input Factors 

The classical production function manifests that the basic input of production includes capital 
and the labor force. At the same time, the land utilization is the spatial carrier of the urban economy. 
Therefore, in this paper, input elements contain the labor force, land, and capital stock. Especially, 
the labor force is represented as the number of unit employees in cities at the end of the year, and 
land is represented as the size of urban built-up area. Moreover, capital stock is calculated referring 
to the method of Zhang [24]. Commodity prices can be replaced by the price index of the province, 
city, and municipality where the sample city is located: (Investment’s deflating price index = 0.45 × 
FAIPI (Fixed Assets Investment Price Index) + 0.55 × CPI (Consumer Price Index)). In addition, it 
has been assumed that the growth rate of capital stock and the increasing rate of actual investment 
is the same in order to calculate the capital stock of the base year (2003 is the base period). 

2.2.2. Output Factors 

Desirable output: GDP has been selected as the indicator measuring economic output. 
Meanwhile, the CPI of the province, city, and municipality where the sample city is located has 
been utilized to be deflated (adopting the year of 2000 as the base period). 

Undesirable output: Frequently-mentioned negative or bad output contains the emission 
amount of three industrial wastes [25]: sulfur dioxide [26], chemical oxygen demand (COD) [27], 
and carbon dioxide [28]. Moreover, in order to avoid the negative output elements being excessively 
singular, in this paper, the emission sum of urban industrial waste water and industrial sulfur 
dioxide have been taken as the undesirable outputs. 

3. The Characteristics of Chinese Urban Land Utilization Efficiency 

3.1. General Characteristics 

According to the discussions above, the general situation of the land utilization efficiency of 
Chinese prefecture-level cities (2004–2013) has been presented in Figure 1. To be detailed, from 2003 
to 2013, the Chinese urban land utilization efficiency is generally low. Moreover, the average 
efficiency value of 280 prefecture-level cities is 0.349. That value is below the result of Wu et al., 
which is 0.524, and also slightly lower than the result of Zhang, which is 0.371, and the result of 
Liang et al., which is 0.414. Primary reason for the difference may be that the research periods of the 
literature above are different and the environmental restrictions have not been taken into 
consideration. From the perspective of the distribution intervals of the land utilization efficiency, 
the efficiency values of most cities are between 0.25~0.5 (there are, in total, 188 cities, contributing 
67.1% of the aggregate). Additionally, there are 48 cities whose land utilization efficiency values are 
lower than 0.25, accounting for 17.1%, and 9.3% cities range from 0.5 to 0.75. Moreover, there are 
only 18 cities whose values are larger than 0.75, contributing 6.4% of the aggregate. The results 
above signify that the urban land utilization efficiency of most cities in China is at a medium-low 
level. Theoretically speaking, under the given condition of no limit on the output, there is still land 
saving potential of 65.1% for prefecture-level cities in China. Consequently, abandoning blind and 
aimless expansion and enhancing population agglomeration as well as industry specialization will 
be the important working direction of land utilization efficiency improvement in China. From the 
perspective of time-order characteristics, from 2003 to 2013, the land utilization efficiency of 
Chinese prefecture-level cities generally showed, first, decreasing momentum, and then increasing. 
All of the minimum values are in 2005. This is primarily due to the fact that, since 2006, China has 
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strengthened environmental governance and gradually transformed its developmental ideas, 
turning from an extensive economic developmental model into the development of connotation, 
further enhancing the improvement of the land utilization efficiency under environmental 
restrictions.  

 
Figure 1. Spatial distribution of the land utilization efficiency of 280 prefecture-level cities in China 

(2004–2013). 

3.2. Spatial Characteristics 

From the perspective of the individual differences of cities, the lowest average value of 
efficiency is only 0.162, which is less than 1/6 of the frontier efficiency value. Figure 1 shows the 
spatial distribution of the land utilization efficiency of 280 prefecture-level cities in China. Through 
Figure 1, it can be determined that there are relatively large differences in the spatial distribution of 
the land utilization efficiency of prefecture-level cities of China. Moreover, to begin with, the land 
utilization efficiencies of cities in Eastern China are higher than the ones in Central and Western 
China. Meanwhile, the land utilization efficiencies of cities in Western China are higher than the 
ones in Central China. This phenomenon also indicates that, geographically speaking, the land 
utilization efficiency of cities in China presents a “depression in the center” phenomenon, which 
means the land utilization efficiency of prefecture-level cities in Central China are relatively lower 
than in the east and west. The main reason leading to this phenomenon is as follows: along with the 
economic developmental model transformation of Eastern China, the according enhancement of 
environmental awareness and the strengthening of environmental restrictions and regulations, 
subsequently, some industries of high energy consumption, high polluted emissions, and low 
efficiency are gradually transferring from Eastern China to Central and Western China. Particularly, 
Central China is the preferred area for industries to transfer to. In addition, during the past period, 
the amount of industries transferring to central China from the eastern part is larger than from 
western China. Therefore, the factors above brought about the “depression in the center” 
phenomenon, given the condition of undesirable output. This also further suggests that there is a 
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more prominent contradiction between economic development and sustainable development of 
resources and environment in Central China. 

3.3. Regional Characteristics  

In order to research and observe the characteristics of regional difference of Chinese urban 
land utilization efficiency under the environmental restrictions, the Theil coefficients of the land 
utilization efficiency has been calculated and, furthermore, the difference among eastern, central, 
and western areas of China, as well as the difference inside cities of different areas, and their 
according contribution to the total difference, has been calculated. The results are shown in Table 1.  

Table 1. Theil coefficient and its contribution rate. 

Year 

Theil Coefficient Contribution Rate 

Nation East Center West 
Inside 

Areas 

Among 

Areas 
East Center West 

Inside 

Areas 

Among 

Areas 

2004 0.1399  0.1394  0.1275  0.1351 0.1339 0.0059 0.3489 0.3224 0.2863  0.9576  0.0424 

2005 0.1536  0.1839  0.1138  0.1474 0.1483 0.0054 0.4189 0.2618 0.2844  0.9651  0.0349 

2006 0.1423  0.1308  0.1191  0.1540 0.1335 0.0088 0.3217 0.2958 0.3207  0.9383  0.0617 

2007 0.1163  0.1008  0.1119  0.1219 0.1110 0.0053 0.3033 0.3400 0.3107  0.9541  0.0459 

2008 0.1209  0.1290  0.0912  0.1205 0.1131 0.0078 0.3736 0.2667 0.2955  0.9359  0.0641 

2009 0.1186  0.1286  0.0893  0.1147 0.1106 0.0080 0.3797 0.2663 0.2868  0.9327  0.0673 

2010 0.1322  0.1422  0.1183  0.1179 0.1265 0.0056 0.3765 0.3163 0.2645  0.9573  0.0427 

2011 0.1363  0.1367  0.1134  0.1256 0.1251 0.0112 0.3508 0.2941 0.2730  0.9178  0.0822 

2012 0.1247  0.1180  0.1219  0.1105 0.1171 0.0075 0.3313 0.3456 0.2628  0.9396  0.0604 

2013 0.0887  0.0811  0.0963  0.0848 0.0876 0.0012 0.3199 0.3837 0.2834  0.9870  0.0130 

The Theil coefficients across the nation in Table 1 indicate that there are relatively significant 
characteristics of differences among Chinese urban cities in terms of land utilization efficiency 
under the environmental restrictions. The difference of the land utilization efficiency is the largest 
in 2005 and is the smallest in 2013. From the perspective of the variations of the Theil coefficients, 
from 2004 to 2013, the differences of Chinese urban land utilization efficiency generally present a 
fluctuating, falling trend. Two troughs appear in 2009 and 2013. This phenomenon indicates that the 
gap of Chinese urban land utilization efficiency under the environmental restrictions is narrowing. 

From the perspective of the structural decomposition of the Theil coefficients, the Theil 
coefficients among different areas are generally stable. However, variations of the Theil coefficients 
inside certain areas present a fluctuating, decreasing trend. Furthermore, its according troughs 
appeared in 2009 and 2013. The minimum value of the Theil coefficient inside certain areas 
appeared in 2013 and the maximum value appeared in 2005 which is basically in line with the law 
of the national Theil coefficients. From 2004 to 2013, the Theil coefficients inside certain areas (with 
an average value of 0.1207) were larger than those among different areas (with an average value of 
0.0067). All of the results above show that the main difference of Chinese urban land utilization 
efficiency is the difference inside certain areas. When the areas have been split into three parts, in 
terms of the area differences, it can be determined that the largest is the eastern area, followed by 
the western area and, finally, is the central area.  

From the perspective of the contribution rate of Theil coefficients of the three major areas of 
China, over the years the contribution rates of Theil coefficients inside certain areas are all over 90%, 
which indicates that the difference of land utilization efficiency inside certain areas is the primary 
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aspect of the difference of Chinese urban land utilization efficiency. The structural decomposition of 
the difference inside certain areas shows that the contribution rate of eastern areas to the total 
difference is around 35%, for the central areas it is approaching 31%, and for the western areas it is 
about 29%. However, generally speaking, the contribution rate of eastern areas presents a 
fluctuating decreasing trend, and central areas act relatively stably, while western areas show an 
increasing trend.  

3.4. Analysis of Scaling Difference 

According to The State Council’s Notice on City Scale Classification Standard Adjustment, which 
has been issued since 2014, the prefecture-level cities in China have been classified into three 
categories (based on the total population number of each city at the end of 2013), namely, 
small-sized cities (with an urban permanent population under 500,000), medium-sized cities (with 
an urban permanent population between 500,000 and 1,000,000), and large-sized cities (with an 
urban permanent population over 1,000,000). The distribution of the average land utilization 
efficiency of cities at different scales from 2004 to 2013 can be seen in Table 2. 

Table 2. The differences of the average value of land utilization efficiency of different scale cities from 280 

prefecture-cities from 2004 to 2013. 

Scale of cities 
Number 

of cities 

Average 

Value 

Standard 

Deviation 
Median 

Minimum 

Value 

Quartile 

(Q1) 

Quartile 

(Q3) 

Maximum 

Value 

Large-sized 

cities 
127 0.339  0.178  0.321  0.172  0.257  0.418  1.000  

Medium-size

d cities 
104 0.331  0.160  0.316  0.162  0.263  0.368  1.000  

Small-sized 

cities 
49 0.424  0.220  0.381  0.210  0.305  0.492  1.000  

Based on the data in Table 2, it can be determined that, for the prefecture-level cities in China, 
from 2004 to 2013, the average values of the land utilization efficiency of large-sized cities, 
medium-sized cities, and small-sized cities are, respectively, 0.370, 0.355, and 0.465, which indicates 
that the relation between the scale of cities and their land utilization efficiency is U-shaped. At the 
same time, this law is similar with the research conclusions of Wu [9]. From the perspective of land 
utilization efficiency distribution, although there are few large- and medium-sized cities with 
relatively high land utilization efficiency, the land utilization efficiency of most cities are extremely 
low, which reduces the general level of land utilization efficiency. Moreover, small-sized cities 
possess significant advantages in terms of land utilization efficiency compared with other cities. 
Consequently, promoting the development of small-sized cities will be conducive to improving 
Chinese urban land utilization efficiency. 
4. Empirical Analysis 

4.1. Empirical Model and Variables 

(1) Empirical Model 

In order to inspect and research the concrete influence of industry clustering and its according 
structures on land utilization efficiency, based on the existing research literature and given that 
there may be a non-linear relation between industry clustering, urban land utilization efficiency, 
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and the interactive relation between industry specialization and industry diversification③, the 
quadratic term of the industry clustering level has been introduced in this paper. Moreover, an 
empirical model, as follows, has been formulated, taking the industry specialization as the proxy 
variable of the industry clustering structure. 

     2
0 1 2 3 4+it it it it it itTEX JJ JJ SS X uα α α α α= + + + +                             (3) 

In the equation above, the explained variable TEX is the land utilization efficiency. Since the 
efficiency values which have been measured are between 0 and 1, and for the convenience of model 
evaluation, the value of the measured efficiency has been extended 10 times during the empirical 

process. Meanwhile, the explaining variable JJ is the industry clustering level and 2JJ  is the 

quadratic term of the industry clustering level. SS is the index of industry specialization and X is 
the control variable including the urban infrastructure situation, urbanization level, and 

environmental regulation, etc. itu is the random disturbance term. 

(2) Variables Selection 

JJ is the industry clustering level. The industry clustering refers to the centralizing of 
industries in certain spatial areas. Ciccone and Hall believe that the degree of industry clustering 
can be comprehensively reflected by the internal economic density of cities. Based on that opinion, 
in this paper, the calculation results of the unchanged price output of each prefecture-level city of 
the year (GDP), being divided by the built-up area size, have been used to represent the industry 
clustering level (10,000 yuan/ km2) . 

SS is the industry specialization level. In the existing research literature, concerning the 
measurement of the urban industry specialization, the approaches of Duranton and Puga  [29] 
have frequently been referred to, namely, the professional Gini coefficient. Therefore, in this paper, 
the index of urban industry specialization has been defined as follows: 

     
1
2i ij j

j

SS p p= −                                                        (4) 

In particular, /ij ij iP L L= , where ijL  represents employment figure of the j industry of i city, 

and iL  represents the non-agricultural employment figure of city i . Pij refers to the employment 

proportion of j industry contributing in i city. jP  refers to the employment proportion of 

j industry in all prefecture-level cities. The larger iSS is , the higher the city’s industry 

specialization level, while the smaller iSS  is, the higher the city’s industry diversification level.  

 
③ As two aspects of one issue, in some degree, industry specialization and diversification share the same 

essence. The single main difference lies on the index setting. Industry diversification will be accordingly 

examined after the analysis of industry specialization being exercised. Hence, analysis related with industry 

diversification has been omitted in this paper. 
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The urban infrastructure situation is represented by road area per capita (m2), and the 
urbanization level is referred to as the urban population density (10,000 people/km2). In this paper, 
the industrial waste water amount per GDP and the varying rate of sulfur dioxide emission have 
been used to measure the environmental regulation. In addition, the approaches from Sun and 
Wang's research [ 30 ] have been adopted to measure the comprehensive indices. Moreover, 
according to the research of Wang and Liu [31], the linear term, quadratic term and cubic term of 
environmental regulation have been included in the model. 

In order to match with the urban land utilization efficiency, all of the variables above have been 
selected from the statistical data of 280 prefecture-level cities from 2003 to 2013. The statistical data 
derives from China City Statistical Yearbook and China Urban Construction Statistical Yearbook over the 
years, and it also comes from the statistical yearbook of each province, city, and autonomous region 
in related years.  

4.2. Empirical Results Analysis of Total Samples 

The evaluation approaches of the panel data generally contain fixed effect and random effect 
regression. Since, within a relatively short period, the cross-section sample of the data selected in 
this thesis is relatively large, the fixed effect model will be more suitable. Meanwhile, a Hausman 
test also manifests that the original assumption of random effect has been rejected with a 
significance level of 1%. In the total samples, via the stepwise regression treatment to Equation (3), 
and the variables mentioned above having been respectively evaluated, the author expects to probe 
the relation between industry clustering, industry specialization, and land utilization efficiency. The 
evaluation results can be found in table 3. 

Table 3. The evaluation results of total samples. 
Explaining Variables (1) (2) (3) (4) 

Industry Clustering 0.371***  0.359*** 0.318***
(14.58)    (14.09)    (11.97)   

The Quadratic Term of Industry Clustering –0.00649***  –0.00630*** –0.00571***
(–9.74)    (–9.47)    (–8.49)   

Industry Specialization  3.412*** 2.525*** 2.556***
 (5.90)   (4.52)    (4.60)   

Infrastructure Situation     0.0100*  
    (1.69)   

Urbanization Level     0.0824** 
    (2.21)   

Environmental regulation     –2.327***
    (–3.95)   

The Quadratic Term of Environmental regulation     2.749***
    (2.66)   

The Cubic Term of Environmental regulation     –1.217** 
    (–2.54)   

Constant Term 2.546*** 3.059*** 1.942*** 2.300***
(26.63)   (20.35)  (11.83)    (11.31)   

Number of Sections 280 280 280 280 
Observed Value 2800 2800 2800 2800 

Hausman Test 15.96 10.38 37.06 67.74 
[0.0012] [0.0056] [0.0000] [0.0000]

Notes: ***，**，and * respectively represent the evaluation values being significant at the level of 1%, 5%, and 

10%. The values in the round brackets are t statistical amounts under the robust standard errors, and the 

values in the square brackets are p-values. 

Table 3 reports the evaluation results of the fixed effect model under different kinds of variable 
combinations. It has been discovered that the significance and influencing direction of industry 
clustering and industry specialization’s effects on urban land utilization efficiency are almost the 
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same. At the same time, there are several points concluded from Table 3. 
Firstly, the coefficient of the linear term of industry clustering is positive, while the coefficient 

of the quadratic term is negative. Meanwhile, they are all significant at the 1% level in different 
models, which indicates that, theoretically speaking, there is a non-linear relation between industry 
clustering and the urban land utilization efficiency. The fact that the quadratic term is significantly 
negative indicates that the increase of the industry clustering level is conducive to knowledge 
spillover and, further, to increasing the land utilization efficiency when it has not reached the 
critical value. However, when the industry clustering level reaches and surpasses the critical value, 
the knowledge spillover effect will be weakened and, further, it will lead to the decrease of the land 
utilization efficiency. However, the coefficient of the quadratic term is relatively small, at 0.00571, 
and the total critical value is 278,740 RMB/km2. In 2013, among the 280 prefecture-level cities in 
China, the average value of industry clustering was 5.382, its median was 4.772, the minimum value 
was 0.790, the quartile (Q1) was 3.354, and the quartile (Q3) was 6.324. In all of the cities, only 
Dongguan’s and Foshan’s industry clustering levels surpassed the critical value, which indicates 
that, for the majority of cites, industry clustering can significantly increase the land utilization 
efficiency. 

Secondly, the regression coefficient of industry specialization is positive with a significance 
level of 1%. This manifests that, from a general perspective, the increase of industry specialization 
level is conducive to improving the urban land utilization efficiency. In other words, the industry 
clustering structure in China currently presents as MAR spillover, namely, the knowledge spillover 
brought about by the industry specialization level improvement. 

Thirdly, the regression coefficient of the infrastructure situation is 0.01, which is significant at 
the level of 10%. Therefore, generally speaking, the completion and improvement of urban 
infrastructures is beneficial to increasing the urban land utilization efficiency. In addition, the 
regression coefficient of the urbanization level is 0.0824, which is significant at the level of 5%, and 
this shows that active enhancement of new-style and human-centered urbanization will be 
conducive to improving the urban land utilization efficiency. 

Fourthly, the first term coefficient of environmental regulation is –2.327, the according 
quadratic term coefficient is 2.749, and the cubic term coefficient is –1.217, which are, respectively, 
significant at the levels of 1%, 1%, and 5%. These results show that the relation between 
environmental regulation and the land utilization efficiency is in line with an inverted N-shaped 
relation, and this conclusion is similar with the research results of Wang and Liu [31]. Namely, 
when the environmental regulation is relatively weak, social and environmental costs will be 
reduced and, accordingly, innovative motivation will be weakened, which will further decrease the 
urban land utilization efficiency. However, when the environmental regulation or restriction degree 
sits in a reasonable range, the social innovation will be promoted and this will further increase the 
urban land utilization efficiency. However, when the environmental regulation degree exceeds the 
affordable limit of society, the land utilization efficiency will also be reduced. Consequently, 
reasonable and suitable degrees of environmental regulation will be conducive to improving the 
urban land utilization efficiency. 

4.3. Empirical Results Analysis for Cities from Various Areas at Different Scales  

In China, there exist relatively large gaps in terms of the development situation among cities 
from different areas and at different scales. In order to observe and inspect these two types of 
differences, the author further exercises evaluations, respectively. The results are shown in Table 4.  
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         Table 4. Evaluation results of cities from different areas and at different scales. 

Explaining 
Variables 

Areas Types Scales Types 
East Center West Small Medium Big 

Industry 
Clustering 

0.181*** 0.415*** 0.446*** 0.777*** 0.373*** 0.250*** 
(4.63)    (3.72)   (4.91)   (6.09)   (4.28)   (6.52)   

The Quadratic 
Term of 
Industry 

Clustering 

–0.00337*** –0.00363   –0.0105   –0.0321*** –0.00399  –0.00422*** 

(–3.98)    (–0.33)   (–1.18)   (–2.79)   (–0.45)   (–4.96)   

Industry 
specialization 

0.971    2.690*** 4.964*** 5.628*** 1.882*** 1.020   
(1.07)    (3.05)   (4.44)   (4.07)   (2.67)   (1.04)   

Infrastructure 
Situation 

–0.0127   0.00656   0.0419*** 0.0425*** –0.00275  –0.0386*** 
(–1.37)    (0.53)   (4.13)   (3.94)   (–0.26)   (–3.74)   

Urbanization 
Level  

0.518*** 0.0289   0.0356   –0.0356   0.0927   0.0734*  
(4.61)    (0.24)   (0.85)   (–0.25)   (1.10)   (1.69)   

Environmenta
l Regulation 

–3.042*** –1.631   –3.472*** –1.056   –3.854*** –2.494*** 
(–3.11)    (–1.57)   (–2.86)   (–0.72)   (–3.84)   (–2.64)   

The Quadratic 
Term of 

Environmenta
l Regulation 

3.817**  1.361   5.783**  0.156   5.452*** 3.500**  

(2.31)    (0.73)   (2.44)   (0.07)   (2.75)   (2.04)   

The Cubic 
Term of 

Environmenta
l Regulation 

–1.657**  –0.413   –3.175**  –0.100   –2.425**  –1.708**  

(-2.37)    (-0.48)   (-2.49)   (-0.10)   (-2.23)   (-2.05)   

Constant 
Term 

2.819*** 1.679*** 1.839*** 1.084*  2.442*** 3.125*** 
(8.02)    (4.12)   (4.56)   (1.86)   (7.64)   (9.62)   

Number of 
Sections 

98 99 83 49 104 127 

Observed 
Value 

980 990 830 490 1040 1270 

Hausman Test 
47.68  35.20  42.66  53.59  58.10  53.78  

[0.0000] [0.0001] [0.0000] [0.0000] [0.0000] [0.0000] 
Notes: ***, **, and * respectively represent the evaluation values being significant at the level of 1%, 5%, and 

10%. The values in the round brackets are t statistical amounts under the robust standard errors, and the 

values in the square brackets are p-values. 

Table 4 reports the evaluation results of a fixed effect model analyzed with two different types 
of classification, namely, different areas and different scales. Through a comprehensive observation 
of Table 4, it can be determined that, although the influencing direction of each variable on the 
urban land utilization efficiency is almost in line with the total samples’, there are still differences in 
the coefficients and the significance of industry clustering and industry specialization. 

At first, there are regional differences in the influence of industry clustering on the urban land 
utilization efficiency. Specifically, although, theoretically speaking, there should be a significant 
inverted U-shaped relation in the eastern area, the critical value is 53.709. Although the quadratic 
term coefficients of the central and western areas are negative, they are statistically non-significant. 
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The results above indicate that the enhancement of appropriate industry clustering will obviously 
facilitate the improvement of urban land utilization efficiency. Moreover, for central and western 
areas, active advancement of industry clustering is an effective approach to improve the land 
utilization efficiency.  

Secondly, there are regional differences in the influence of industry specialization on urban 
land utilization efficiency. To begin with, there are significant differences in the influencing 
coefficient of different cities’ industry specializations on the urban land utility efficiency from 
different areas. In detail, western coefficients are the largest and eastern coefficients are the smallest. 
Subsequently, from the perspective of significance, the relation between industrial specialization 
and urban land use efficiency in eastern areas are statistically non-significant, while in central and 
western areas both are significant at the level of 1%. In other words, industry professional 
development plays a relatively important role in improving the land utilization efficiency of cities 
in central and western areas. However, it will not be the same case for cites in eastern areas. This 
also shows that, for cities in eastern areas, it will be more conducive to land utilization efficiency 
improvement via enhancing diversified industry development.  

Thirdly, from the perspective of the scale levels of cities, although, theoretically speaking, there 
is an inverted U-shaped relation between industry clustering and the urban land utilization 
efficiency, the quadratic term coefficients of medium-sized cities are not significant, which 
manifests that active enhancement of the industry clustering of medium-sized cities will more 
effectively promote the improvement of the urban land utilization efficiency. Based on the values of 
coefficients, the inverted U-shape’s inflection point of small-sized cities is the smallest, which 
indicates that, at present, the carrying capacity in terms of the industry clustering degree of 
small-sized cities in China is limited, and this situation further leads to an early arrival of the 
inflection point of the increasing effect of urban industry clustering on the urban land utilization 
efficiency. 

Fourthly, speaking of the industry specialization, there are relatively large differences among 
cities at the three scale levels. Namely, the small-sized cities possess the largest coefficients④, and 
they are significant at the level of 1%, which indicates that the improvement of industry 
specialization of small-sized cities imposes a more significant improving effect on the land 
utilization efficiency, whereas, for large-sized cities, it is statistically non-significant compared with 
other city sizes, which manifests that it will be more beneficial to improving the land utilization 
efficiency of large-sized cities via facilitating diversified industry development. 

4.4. Robustness Test 

In order to test the robustness of the evaluation results, a further measurement of the land 
utilization efficiency, irrespective of environmental loss, has been exercised. Meanwhile, the total 
samples have been re-evaluated. Table 5 reports the evaluation results of the robustness test, and 
the results of Tables 4 and 5 are basically consistent, which means, theoretically speaking, there is a 
non-linear relation between industry clustering and urban land utilization efficiency. However, the 
quadratic term coefficients are relatively small and non-significant, which partly indicates that the 
current diseconomies of industrial agglomeration mainly present as environmental loss. At the 
same time, industry specialization is conducive to improving urban land utilization efficiency. In 

 
④ Coefficients here refer to the influencing coefficient of different cities’ industry specialization on the urban 
land utility efficiency. 
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addition, the influencing directions of the infrastructure situation, urbanization level, and 
environmental regulation on land utilization efficiency are basically consistent, while there are still 
some differences in terms of the variations in coefficients, and the evaluation of the infrastructure 
situation is not significant.  

Table 5. Robustness test results of the total samples. 

Explaining 
Variables 

(1) (2) (3) (4) 

Industry 
Clustering 

0.117***   0.112*** 0.0991*** 
(4.39)     (4.18)   (3.55)    

The Quadratic 
Term of Industry 

Clustering 

–0.00112     –0.00103   –0.00106   

(–1.60)     (–1.48)   (–1.50)    

Industry 
specialization 

  1.417**  1.088*   1.302**  
  (2.41)   (1.85)   (2.23)    

Infrastructure 
Situation 

      0.00208 
      (0.33)    

Urbanization 
Level 

      0.264*** 
      (6.75)    

Environmental 
Regulation 

      –3.022*** 
      (–4.88)    

The Quadratic 
Term of 

Environmental 
Regulation 

      4.967*** 

      (4.58)    

The Cubic Term 
of Environmental 

Regulation 

      –2.233*** 

      (–4.43)    

Constant Term 
3.222*** 3.326*** 2.962*** 2.997*** 
(32.15)   (21.78)   (17.16)   (14.02)    

Number of 
Sections 

280 280 280 280 

Observed Value 2800 2800 2800 2800 
Notes: ***, **, and * respectively represent the evaluation values being significant at the level of 1%, 5%, and 

10%. The values in the round brackets are the t statistical amount under the robust standard errors. 

 
5. Conclusions 
   In order to analyze the relation between industry clustering, industry specialization, and the 
urban land utilization efficiency with the panel data from 280 prefecture-level cities from 2003 to 
2013, this paper has taken environmental loss into consideration in the land evaluation system and 
adopted the SBM model to evaluate and measure the land utilization efficiency of each 
prefecture-level city. In conclusion, the prefecture-level cities in China present the following 
features of land utilization: (1) Generally speaking, the land utilization efficiency of the 
prefecture-level cities in China are relatively low, and the average value during the researching 
period is only 0.349. Furthermore, theoretically speaking, there is still 65.1% land-saving potential 
in prefecture-level cities in China; (2) From the perspective of sequential characteristics, the land 
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utilization efficiency of the prefecture-level cities in China from 2003 to 2013 generally presents, first, 
a decreasing trend, and then an increase. Moreover, the minimum points of the utilization efficiency 
value all appear in 2005, which indicates that there is a general momentum of gradual improvement 
in terms of land utilization efficiency; (3) Geographically speaking, the land utilization efficiency of 
the prefecture-level cities in China presents a “depression in the center” phenomenon, which means 
the land use efficiency of eastern cities is larger than central and western cities, and the land 
utilization efficiency of western cities is larger than the central cities; (4) The difference of the land 
utilization efficiency under environmental restrictions among Chinese cities possesses a narrowing 
trend. Moreover, the major contribution of the difference comes from the internal regional 
difference, which indicates that the land utilization efficiency among cities does not present a 
“club” trend. Meanwhile, the contribution of the internal difference of central cities to the total 
difference presents an increasing trend; and (5) from the perspective of the scale level of cities, 
small-sized cities possess significant advantages in terms of land utilization efficiency and, 
generally speaking, there is a U-shaped relation between the scale level of a city and the land 
utilization efficiency.  

From a general point of view, theoretically speaking, there is an inverted U-shaped relation 
between industry clustering and urban land utilization efficiency. However, only Dongguan and 
Foshan show industry clustering levels that exceed the critical value in 2013, which indicates that, 
for the majority of cities, industry clustering can significantly improve the land utilization efficiency. 
In addition, industry professionalized development will significantly increase the urban land 
utilization efficiency. From the perspective of different areas, the industry professional level 
improvement of central and western areas imposes a more significant increasing influence on the 
urban utilization efficiency. Although, from the theoretical aspect, for eastern areas, there is an 
inverted U-shaped relation between industry clustering and the urban land utilization efficiency; 
there is no city whose efficiency value has exceeded the critical value. From the perspective of the 
scales of cities, the industry professional level improvement of small- and medium-sized cities 
imposes a more significant increasing influence on the urban utilization efficiency. Additionally, 
complete infrastructure and active enhancement of new-style and human-centered urbanization 
will be substantially conducive to improving the urban land utilization efficiency. Meanwhile, there 
is an inverted N-shaped relation between environmental regulation and the land utilization 
efficiency. 

Scientific planning and designing of urban land is an essential approach for improving the 
land utilization efficiency. Furthermore, the planning of industry land is an important part of the 
land utilization planning. Based on the research conclusions of this paper, there are several findings 
and suggestions, as follows: To begin with, it is vital to effectively link land utilization planning and 
industry planning. For most cities, it is necessary for the land utilization planning to lead the 
industry professional development and actively facilitate the developmental strategy of “one city, 
one industry”, which embodies the idea of specially developing one unique, advantageous industry 
in one city. Meanwhile, for eastern areas and large-sized cities, it is necessary to make land 
utilization planning guide diversified industry development. In conclusion, via the convergent 
development of industry and cities, led by land utilization planning and through increasing 
industry clustering intensity, land utilization efficiency of Chinese cities will be further improved.   
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