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Abstract: In the context of increasing resource and environmental constraints, measurement and 

determinants of green utilization efficiency of urban land (GUEUL) is currently the subject of a rap-

idly expanding literature. Previous research concerning determinants of GUEUL focuses primarily 

on effects of socio-economic conditions on GUEUL, and little attention has been devoted to impacts 

of spatial structure and urban development patterns. This research explores impacts of polycentric 

development on GUEUL of urban agglomeration (UA), using data for major UAs in China covering 

the period 2005–2019. GUEUL and the extent of polycentricity is measured by employing an im-

proved directional slack-based measure (SBM) model and the rank-size distribution-based ap-

proach, respectively. The linkage between polycentric development and GUEUL is explored by es-

timating models of determinants of GUEUL, and the nonlinear characteristics of the relationship are 

investigated by employing the panel threshold model approach. The results suggest that polycentric 

development positively impacts GUEUL of UAs, and such effect rises with economic development 

levels. In addition, degree of agglomeration, economic development level and intensity of govern-

ment investment in science and technology is found to be positively related to GUEUL. The empir-

ical results have significant implications for improving GUEUL through formulating and imple-

menting regional and urban policies. 

Keywords: polycentric development; green utilization efficiency of urban land; urban  

agglomeration; panel threshold model; nonlinear effects 

 

1. Introduction 

In the context of increasingly serious resource and environmental challenges (re-

source bottlenecks, water and air pollution, environmental degradation, biodiversity loss, 

climate change, etc.), there has been a growing consensus among economic elites and pol-

icy makers about the need for changing the traditional resource-intensive growth para-

digm, and “green growth” has emerged as an essential theme of global discussion on de-

velopment policy [1–4]. Around the time of the Rio+ 20 United Nations conference on 

Sustainable Development, a range of flagship reports on “green growth” were published 

by leading international organizations. According to those reports, “green growth” can 

be defined as promoting economic growth while substantially reducing environmental 

damage, ecological scarcities and unsustainable use of resources, and green utilization 

efficiency of urban land (GUEUL) generally reflects the capacity to maximize urban eco-

nomic output with a certain level of land and other inputs while minimizing the undesir-

able outputs (e.g., environmental pollutants). In recent years, a rapidly expanding litera-

ture has been devoted to measurement and analysis of GUEUL [5–10]. Another essential 

concept in the field of sustainable development is green infrastructure (GI), which gener-

ally refers to a strategically planned network of natural and semi-natural areas designed 
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and managed to deliver a variety of ecosystem services [11]. Since GI provides a wide 

range of ecological (climate change mitigation, biodiversity conservation, etc.), economic 

(tourism, increased land values, etc.) and social benefits (education, enhancement of social 

cohesion, etc.), it plays a vital role in promoting sustainable utilization of urban land [12–

14]. It is noteworthy that a significant proportion of existing literature on GI pays attention 

to urban and peri-urban landscapes [11]. 

Due to the rapid advances in transport and information technologies and consequent 

increase in mobility of factors of production and speed of technology and knowledge dif-

fusion, the past few decades have witnessed a widening geographical scope of economic 

processes [15,16]. Urban agglomeration (UA, similar concepts including urban region, city 

network, urban network, city cluster, city group, etc.), which generally refers to a cluster 

of distinct but proximally located and economically, socially and culturally connected cit-

ies [17–21], has been increasingly perceived as the spatial entity where agglomeration ex-

ternalities are primarily localized [22,23]. Given the fact that the global leading UAs (e.g., 

the southern California UA, the Greater Tokyo UA, the Amsterdam-Brussels-Antwerp 

UA, etc.) constitute a significant proportion of the globe’s population and economic activ-

ities, it is well recognized that UA has emerged as a curial platform for national or inter-

national competition. There is also an increasing trend to treat UA as the unit of analysis, 

and many studies have explored economic performance of UAs and its influencing factors 

[24–27]. 

Spatial structure, i.e., the way in which population and economic activities are dis-

tributed over a certain UA, is a vital determinant of resource utilization efficiency within 

a UA [28–30]. More specifically, spatial structure affects the creation and accumulation of 

agglomeration economies and diseconomies within a certain UA, which in turn affects 

resource utilization efficiency. The degree of polycentricity is a crucial indicator for char-

acterizing spatial structure [30–32], and “polycentrism” and “polycentric development” 

have become popular planning concepts [23]. Many planners and policy makers believe 

that polycentric development has the potential for promoting economic competitiveness 

and environmental sustainability [20,26]. However, these claims have not yet been satis-

factorily substantiated, and the empirical evidence concerning the impact of polycentric 

development on resource utilization efficiency is still inconclusive [28,29]. 

This research examines the impacts that polycentric development exerts on GUEUL 

of UAs, using data for major UAs in China covering the period 2005–2019. Although the 

empirical analysis focuses on UAs in China, it is of global relevance given the increasing 

worldwide trend towards a widening geographical scope of economic processes and “re-

gionalization” of agglomeration economies, and highlights the importance of urban and 

regional policies in promoting “green growth”. The contributions made by this research 

to the existing literature on GUEUL are multifaceted. First, this research is among the first 

to empirically examine impacts of polycentric development on GUEUL. Previous research 

on the determinants of GUEUL mainly pays attention to impacts of socio-economic con-

ditions on GUEUL [7–9], and little research has focused on effects of polycentric develop-

ment on GUEUL. Second, this research explores the nonlinear characteristics of the effect 

of polycentric development on GUEUL by developing and estimating a panel threshold 

model. To our knowledge, relatively little empirical research has examined whether the 

effects of polycentric development on GUEUL are conditional upon other factors (such as 

economic development level). Examining nonlinear effects of polycentric development is 

of great value in proposing differentiated urban and regional policies for nations and re-

gions at different phases of economic development. Third, this study provides a more 

precise measure of GUEUL. An improved directional slack-based measure (SBM) model, 

i.e., the directional super-SBM model developed under the window data envelopment 

analysis (DEA) framework, is employed to measure GUEUL in this research. Compared 

with the directional SBM model employed in previous studies [6,10], the model employed 

in this study allows distinguishing between efficient decision-making units (DMUs), thus 

avoiding the problem of assigning identical efficiency score to different DMUs. In 
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addition, the window DEA framework employed allows the comparison of the perfor-

mance of a particular DMU in a specific year with its own performance in other years and 

with the other DMUs’ performance. 

The rest of this paper is structured as follows. A theoretical framework is outlined in 

Section 2 and research hypotheses are proposed based on that. Section 3 presents empiri-

cal methodology and data. Sections 4 and 5 present empirical results and discussion, re-

spectively. Concluding remarks follow in Section 5. 

2. Theoretical Framework 

2.1. Effects of Polycentric Development on GUEUL 

Over the last few decades, a large literature has been devoted to conceptualizing and 

empirically investigating polycentricity [18,20,23,26,28]. According to the literature, poly-

centricity generally refers to coexistence of multiple centers of approximately similar sig-

nificance in terms of population (employment) or economic power in an area [23,26]. Pol-

ycentricity can be defined from two different perspectives [26,28,33,34]: the morphological 

perspective and the functional perspective. More specifically, an area is considered to be 

more morphologically polycentric if it exhibits a more even size distribution of centers. 

By comparison, an area is considered to be more functionally polycentric if it exhibits a 

more even distribution of functional linkages among centers. Since the data for measuring 

extent of morphological polycentricity is more readily available, the morphological ap-

proach to polycentricity has been employed in a large amount of empirical research 

[28,31,35]. 

Polycentric development exerts effects on GUEUL by influencing the creation and 

accumulation of agglomeration effects, which are further categorized into agglomeration 

economies and diseconomies [20,23,30,36]. Sharing infrastructures and intermediate input 

suppliers, more efficient matches between enterprises and factors of production, and 

knowledge creation and transmission are the primary sources of agglomeration econo-

mies, and agglomeration economies positively affect resource utilization efficiency [37]. 

Agglomeration diseconomies (which take the forms of traffic congestion, environmental 

pollution, high prices of factors of production, etc.) tend to have a cost-raising effect and 

can thus adversely impact resource utilization efficiency [29,38,39]. Many scholars suggest 

that polycentric development contributes to the improvement of resource utilization effi-

ciency, since it can not only promote an increase in agglomeration economies, but also 

facilitate a decrease in agglomeration diseconomies. However, there are also some re-

searchers who argue that whether polycentric development can facilitate the accumula-

tion of agglomeration economies is conditional on some other factors. The mechanism 

through which polycentric development affects GUEUL are demonstrated in Figure 1 and 

analyzed in detail in this section. 

 

Figure 1. The mechanism through which polycentric development affects GUEUL. 
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Supporters of a more polycentric pattern of urban development suggest that the pol-

ycentric spatial structure allows reaping agglomeration economies and, meanwhile, 

avoids at least some of the agglomeration diseconomies, thus having a positive effect on 

economic efficiency. It is argued that agglomeration economies have been “regionalized” 

to a substantial extent owing to the rapid advances in information technologies, commu-

nication technologies and transport technologies [15,25,28]. More specifically, positive ag-

glomeration externalities are not restricted by the boundaries of individual cities, but in-

stead can be shared among a cluster of functionally connected cities [28,39,40]. Such “re-

gionalization” of agglomeration economies is related to Alonso’s [41] notion of “borrowed 

size” which suggests that smaller cities within an urban network can exhibit certain char-

acteristics of a larger-sized city. Based on this concept, many scholars argue that the com-

bined agglomeration economies of a group of functionally linked cities within a polycen-

tric UA can be equal to or even exceed that of a single city of their aggregate size 

[19,23,25,38,42]. More specifically, enterprises within a polycentric UA can share infra-

structures, public facilities, business services and suppliers of intermediate inputs located 

in different cities. In addition, functional connection between cities facilitates more effi-

cient matching between enterprises and inputs (capital goods, labor, novel production 

technologies, etc.) within a polycentric UA. These can expand the production possibilities 

of enterprises and significantly decrease production costs within the polycentric UA, thus 

resulting in a larger quantity of output with a certain level of resource endowment and 

improved economic efficiency. While the spatial scope of agglomeration economies is in-

creasingly expanding, agglomeration diseconomies tend to be restricted by the bounda-

ries of individual cities [39,43]. Many researchers suggest that agglomeration disecono-

mies, such as traffic congestion, high prices of factors of production and exposure to en-

vironmental pollution and crime, tend to increase with the size of individual cities 

[26,40,44–46], and smaller cities exhibit higher ability to keep agglomeration diseconomies 

under control [47]. Since an increase in the extent of polycentricity results in a more even 

distribution of city sizes within an UA and helps prevent the emergence of excessively 

large cities, it is reasonable to argue that a more polycentric development pattern can be 

an effective avenue to reduce negative agglomeration externalities. Some scholars have 

provided empirical evidence supporting a more polycentric development pattern [23,28]. 
There are also some scholars who analyze the downsides of a polycentric spatial 

structure and argue that whether polycentric development can promote an increase in 

agglomeration economies depends on some other factors [48–50]. Meijers et al. [25] argue 

that the “regionalization” of agglomeration economies is conditional on the functional, 

institutional and cultural integration of different cities within an UA. When those condi-

tions are not fulfilled, a polycentric development pattern can give rise to a competing re-

lationship (rather than a cooperative and complementary relationship) within an UA, 

which in turn can result in fragmented efforts by individual cities, redundant construction 

and lower level of economic efficiency [20,25]. Parr [20] suggested that it is difficult for 

certain types of agglomeration economies to be “regionalized”. For example, the creation 

and transmission of knowledge, which is deemed to be a crucial source of agglomeration 

economies [37], is closely associated with such factors as unplanned interaction, face-to-

face communication and informal arrangements, which in turn are highly associated with 

density and physical proximity. By comparison with a polycentric development pattern, 

a more monocentric spatial structure can better fulfill the requirement for density and 

physical proximity. In addition, some scholars argue that a more monocentric UA is more 

likely to possess high-order infrastructures and public facilities (which is of crucial im-

portance for increasing economic efficiency) than its similar-sized polycentric counter-

parts. This is due to the fact that local factors still play an essential role in determining 

presence of high-order infrastructures and facilities, and the principal city in a more mo-

nocentric UA are more likely to reach the critical mass to support such functions [21,25]. 
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2.2. Research Hypotheses 

As discussed above, it is widely accepted that polycentric development has the po-

tential to improve economic efficiency. However, whether polycentric development can 

facilitate the accumulation of agglomeration economies may be contingent upon some 

other factors. Economic development level can be an essential factor influencing the effec-

tiveness of polycentric development in promoting efficiency [49–51]. In early phase of eco-

nomic development, a more concentrated economic geography helps to significantly re-

duce production costs and transaction costs and facilitate human capital accumulation, 

since transport and communication infrastructures tend to be scant, and the reach of input 

markets tends to be limited. By comparison, it can be relatively difficult for a polycentric 

UA to reap the benefits of positive agglomeration externalities when economic develop-

ment level is relatively low. As an economy develops, the improvement of infrastructures 

and the development of market system helps to strengthen the functional connections be-

tween cities and facilitate “regionalization” of agglomeration economies, making geo-

graphical concentration a less important factor in enhancing efficiency. On the other hand, 

the advantage of a more dispersed economic geography in reducing agglomeration dise-

conomies can become more apparent. Thus, a more polycentric development pattern can 

be more favorable to efficiency improvement from a certain economic development level 

onwards, and the positive effect of polycentric development on GEE can rise as economic 

development level increases. As China has entered the middle phase of industrialization 

around 2005 and urbanization and marketization in China has progressed significantly 

over the last two decades, it is reasonable to expect that extent of polycentricity is posi-

tively linked to GUEUL of UAs in China during the sample period. According to the above 

analysis, the first and second research hypotheses are proposed. 

Hypothesis 1. Polycentric development positively impacts GUEUL of UAs in China during the 

sample period. 

Hypothesis 2. The positive impact of polycentric development on GUEUL of UAs increases with 

economic development level. 

3. Methodology and Data 

3.1. Empirical Methodology 

In this study, GUEUL is measured by employing the directional super-SBM model 

developed under the window DEA framework, and the extent of polycentricity is meas-

ured by employing the rank-size distribution-based approach. Linkage between polycen-

tric development and GUEUL is then explored by estimating the models of determinants 

of GUEUL. In order to test the research hypotheses proposed earlier, both the baseline 

model and a panel threshold model are estimated. The research process of this study is 

demonstrated in Figure 2. 

 

Figure 2. Research process of this study. 
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3.1.1. The Measurement of GUEUL 

There are two issues deserving careful consideration when measuring GUEUL. The 

first concerns whether a stochastic frontier analysis (SFA) approach or a DEA approach 

should be employed. The second concerns the treatment of undesirable outputs (i.e., en-

vironmental pollutants). Regarding the first issue, most scholars have employed the DEA-

based approach to measure GUEUL, since this approach does not require researchers to 

specify an ad hoc functional form and is capable of handling multiple outputs (including 

desirable and undesirable outputs) [52,53]. Regarding the second issue, there are generally 

three approaches to dealing with environmental pollutants: (i) treating environmental 

pollutants as inputs [54,55]; (ii) applying a monotone transformation to environmental 

pollutants and then using adapted variables as outputs [56]; (iii) applying the DDF based 

approach [4]. The first method exhibits obvious shortcomings, since it fails to characterize 

the actual production process [57]. The second method also has apparent drawbacks, as it 

is only valid under variable returns to scale as a result of strong convexity constraints [58]. 

The DDF based approach is used to measure GUEUL in this research. More specifi-

cally, the directional super-SBM model developed under the window DEA framework is 

employed. This approach generates a non-oriented, non-radial efficiency measure which 

directly handles input and output slack and simultaneously accounts for decline in in-

puts/undesirable outputs and enlargement of desirable outputs. Another advantage of 

this approach is that it is capable of distinguishing between efficient DMUs and ranking 

efficient DMUs, thus avoiding the problem of assigning identical efficiency scores to dif-

ferent DMUs [59,60]. In addition, the window DEA approach is suitable for panel data 

sets and allows comparison of a specific DMU’s performance in a specific year with its 

own performance over time and with the other DMUs’ performance [61,62]. 

Assume that there are K DMUs (which are UAs in this research). Each DMU trans-

forms M inputs, ),...,( 1 Mxxx  ( MRx  )
 
into N desirable outputs, ),...,( 1 Nyyy  ( NRy  ) 

and L undesirable outputs, ),...,( 1 Lbbb  ( LRb  ). ),,( t
k

t
k

t
k byx  denotes DMU k’s input-out-

put vector at period t. The directional slack-based inefficiency measure can be written as: 
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where ),,( t
o

t
o

t
o byx

 
denotes DMU o’s input-output vector at period t, ),,( byx ggg  

is a di-

rectional vector that increases the quantity of desirable outputs and decreases the quantity 

of inputs/undesirable outputs, and ),,( b
l

y
n

x
m sss

 
is a slack vector concerning inputs and de-

sirable/undesirable outputs. The slack vector has the same units of measurement as the 

directional vector, allowing the ratios of normalized slacks to be added. 

In this research, the measure of desirable output is value added of secondary and 

tertiary industries. Labor, land and capital are included as inputs. Measure of labor input 

is quantity of employees in urban sectors, measure of land input is the area of built-up 

land, and measure of capital input is the capital stock in urban sectors. Emissions of sulfur 

dioxide, emissions of soot (dust) and industrial wastewater discharge are included as un-

desirable outputs. Following existing studies, these three indicators of environmental 
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pollution are standardized first, and then synthesized into a composite pollution indicator 

using an entropy-based approach for ease and accuracy of measurement. 

3.1.2. The Measurement of the Degree of Polycentricity 

Following most existing studies [29,35,63], the extent of polycentricity is measured 

from the morphological perspective in this research, since the data for the morphological 

approach to polycentricity is more readily available. As discussed earlier, the more even 

the size distribution of centers within an area is, the more morphologically polycentric an 

area is. 

In this research, extent of morphological polycentricity is measured by employing 

the most widely used rank-size distribution-based approach [28,29,64]. More specifically, 

the rank-size model generally takes the following forms: 

  )ln()ln( SIZERANK
 (2)

where ln  denotes the natural logarithm, SIZE denotes the size of each principal city 

within an UA, RANK denotes the rank of each principal city according to their sizes, and 

  is the error term. Since the main focus of this research is on GUEUL, city size is consid-

ered from the economic perspective and measured by the scale of economic activities 

(more specifically, gross regional product). The slope coefficient , also referred to as the 

Pareto exponent [29,63,65], indicates the extent of morphological polycentricity. The 

larger the absolute value of the slope coefficient is, and hence the steeper the regression 

slope is, the more morphologically polycentric an UA is. 

In small samples, the estimation of the rank-size model parameters can be biased. 

Gabaix and Ibragimov [65] provide a simple correction for this bias, i.e., using 

)2/1ln( RANK  instead of )ln(RANK  as the dependent variable of the rank-size model. 

They have proved that this approach can optimally reduce the small sample bias to a lead-

ing order. Thus, modified log-log rank-size regression is employed in this research: 

  )ln()2/1ln( SIZERANK  (3)

In empirical research, a critical issue concerns the number of cities taken into account 

(i.e., the sample size) when estimating the size-distribution model. As suggested by Mei-

jers [66] and Brezzi and Veneri [28], the extent of polycentricity is normally judged based 

on sizes and distribution of only a handful of largest cities. There are mainly three meth-

ods for determining the sample size of the size-distribution model [26,66,67]: (i) consider-

ing a fixed number of cities; (ii) considering cities whose size (the size of individual city) 

is above a certain threshold; (iii) considering cities whose combined size accounts for a 

certain proportion of an area’s total size. The second approach has obvious drawbacks, 

since there tends to be no one-size-fits-all threshold for all the different areas [34,66]. For 

example, the principal cities in a relatively small area can be insignificant in a relatively 

large area. The third approach has apparent shortcomings as well. When employing such 

an approach, the quantity of cities included would be greater for more polycentric UAs 

and smaller for more monocentric UAs. Thus, in that case, the number of centers itself 

would be an indicator of the degree of polycentricity and employing such an indicator 

twice could introduce a degree of systematic bias [66–68]. In addition, the results would 

be less comparable among different areas. Therefore, it is more appropriate to consider a 

fixed number of cities when estimating the size-distribution model [31,66]. Following ex-

isting studies [28,30], the largest four cities are included in the sample for each UA in this 

research.  
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3.1.3. The Models of Determinants of GUEUL 

The models of determinants of GUEUL are developed and estimated to explore the 

association between polycentric development and GUEUL in this subsection. The baseline 

model is as follows: 

ittititiit XAGGPOLGUEUL    1,21,10  (4)

where subscripts i and t denote UA i and year t, respectively. X represents a vector of 

control variables, i
 
denotes the UA-specific effect, t 

denotes a vector of year-specific 

dummy variables, and it  
denotes the idiosyncratic error. In addition to the degree of 

polycentricity (POL), another independent variable characterizing the spatial structure of 

UAs, i.e., the degree of agglomeration (AGG), is also included in the model. Following 

existing studies, the degree of agglomeration is measured using the spatial Gini index: 

 
 

in

j

in

k
iktijt

iti

it SIZESIZE
n

AGG
1 1

22

1


 (5)

where in represents the number of cities in UA i, and it  represents average city-level 

GDP within UA i in year t (calculated as UA i’s GDP in year t divided by in). ijtSIZE  and 

iktSIZE  denote the economic size of city j and city k within UA i in year t, respectively. 

While the degree of polycentricity concerns the spatial distribution of economic activity 

across the principal cities within a UA (i.e., characterizes spatial structure from the mo-

nocentricity-polycentricity perspective), the degree of agglomeration concerns the spatial 

distribution of economic activity across all the cities within a UA (i.e., characterizes spatial 

structure form the agglomeration-dispersion perspective). The degree of agglomeration is 

expected to be positively linked to GUEUL. Since the efficiency scores measured by using 

directional super-SBM model can be greater than 1 and there is no upper limit on the 

explained variable of model (4) (in other words, the explained variable is not censored), 

there is no need to employ the Tobit regression model. All independent variables are 

lagged by 1 year to alleviate potential endogeneity problem. The control variables are se-

lected according to existing research on the determinants of GUEUL [11–13]. 

PCGDP is per capita GDP, which is an indicator of economic development level. As 

an economy develops, human capital accumulates, market system matures, and infra-

structure tends to improve. Thus, the level of economic development is expected to posi-

tively impact GUEUL. 

FDI is ratio of quantity of foreign capital utilized to GDP, which is a measure of in-

ward FDI intensity. Inward FDI can bring superior managerial skills and advanced tech-

nologies to host countries through forward and backward linkages, employee training 

and technology transfer [69,70]. Thus, UAs with higher inward FDI intensity are expected 

to exhibit higher GUEUL. 

GEXP is the ratio of local governments’ budgetary expenditure to GDP, which is a 

measure of degree of government intervention in economic activities. There is a theoreti-

cal debate on the impact of government intervention on resource utilization efficiency. 

Some scholars argue that as a result of governments’ information problems and multiplic-

ity of objectives, government intervention can lead to resource misallocation and nega-

tively impacts resource utilization efficiency [71]. Other scholars argue that government 

intervention helps to rectify market failure (externalities, information asymmetry, etc.) 

and thus can positively impact resource utilization efficiency [72]. 

STEXP is the proportion of expenditure on science and technology in local govern-

ments’ budgetary expenditure, which is a measure of the intensity of government invest-

ment in science and technology. Scientific research and technology upgrading plays a cru-

cial role in expanding production possibilities and lowering production cost. Thus, the 

intensity of government investment in science and technology is expected to positively 

impact GUEUL. 
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In order to explore the nonlinear characteristics of the impact of polycentric develop-

ment on GUEUL, a panel threshold model is further developed in this research [73]. The 

panel threshold model approach allows for heterogeneous regression coefficients and is 

widely employed to investigate nonlinear relationships between variables. The approach 

specifies that observations can be grouped into different regimes based on the value of the 

threshold variable, and the slope coefficients on the independent variables can vary across 

different regimes. In this study, the panel threshold model of determinants of GUEUL 

takes the following form: 

)()( 1,1,211,1,110    titititiit PCGDPIAGGPCGDPIPOLGUEUL  

)()( 1,1,221,1,12    titititi PCGDPIAGGPCGDPIPOL  

ittiX    

(

(6)

where PCGDP is the threshold variable,  is the specific estimated threshold value, and 

)(I  is the indicator function (it takes the value 1 when the expression in the parentheses 

holds, otherwise it takes the value 0). Since the main focus of this research is on the im-

pacts of spatial structure on GUEUL, the slope coefficients on the two variables character-

izing the spatial structure (i.e., POL and AGG) are allowed to switch between regimes. As 

suggested by Hansen [73], the least-squares approach is used to estimate the threshold 

parameters, the bootstrap approach is employed to test statistical significance of the 

threshold effect, and asymptotic distribution theory is employed to construct confidence 

intervals for threshold parameters. In empirical analysis, the following procedure can be 

used to determine the number of thresholds. The hypothesis of no threshold is tested at 

first. If it is rejected, then the hypothesis of two thresholds is tested. Continue until the 

hypothesis of a higher-order threshold can no longer be rejected. 

3.2. Study Area and Data 

3.2.1. Study Area 

Development of UAs has been the main focus of China’s “new-type” urbanization 

which aims at achieving more sustainable and people-oriented urbanization [17]. Follow-

ing existing studies [27], this research focuses on 16 major UAs in China which cover a 

total of 198 cities. These UAs are all stressed in “National Major Function-oriented Zone 

Planning” of China. The locations of the study area are demonstrated in Figure 3. 
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Figure 3. Locations of the study area. 

3.2.2. Data 

Data on the value added of secondary and tertiary industries, quantity of employees in 

urban sectors, and quantities of emissions of sulfur dioxide, emissions of soot (dust) and in-

dustrial wastewater discharge are sourced from China Urban Statistical Yearbook Series. Fol-

lowing existing studies [45,74], the capital stock in urban sectors is measured by employing 

the perpetual inventory method based on the estimates of Zhang et al. [75]. Data on quantity 

of built-up land are sourced from China Urban Construction Statistical Yearbook Series. Data 

on gross regional product, quantity of foreign capital utilized, and local governments’ budg-

etary expenditure are collected from China Urban Statistical Yearbook Series. The definition 

of variables and their summary statistics are shown in Table 1. 

Table 1. Variable definitions and summary statistics. 

Variable Definition Mean Std. Dev.  Min Max 

Y 
Value added of secondary and tertiary industries (unit: 1 billion 

CNY) 
2370.78 2472.05 106.58 14,233.58 

LABOR The number of employees in urban sectors (unit: 10,000 persons) 1572.89 1476.76 170.87 8138.95 

CAPITAL The capital stock in urban sectors (unit: 1 billion CNY) 7075.45 7621.54 244.70 41,888.90 

LAND The area of built-up land (unit: square kilometer) 2355.85 2047.62 284.29 9582.17 

WWATER Industrial wastewater discharge (unit: 10,000 tons) 101,395.60 105,041 7564 511,642 

SD Emissions of sulfur dioxide (unit: ton) 690,987.40 551,067.30 48,961 2,335,005 

SOOT Emissions of soot (dust) (unit: ton)  405,314.30 480,674.10 47,989 5,306,546 

PCGDP Per capita GDP (unit: 10,000 CNY) 3.98 2.30 0.75 11.39 

FDI The ratio of the quantity of foreign capital utilized to GDP 0.0240 0.0141 0.0010 0.0740 

GEXP The ratio of local governments’ budgetary expenditure to GDP 0.1442 0.0400 0.0666 0.2390 

STEXP 
The proportion of expenditure on science and technology in local 

governments’ budgetary expenditure 
0.0181 0.0146 0.0019 0.0900 
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4. Results 

4.1. Estimates of GUEUL and Extent of Polycentricity 

GUEUL and the extent of polycentricity for the sample UAs for selected years are shown 

in Figures 4 and 5, respectively. GUEUL shows a clear increasing trend during the period 

2005–2019, with average GUEUL of the sample UAs rising considerably from 0.384 in 2005 to 

0.715 in 2019. In addition, GUEUL varies noticeably across UAs, with UAs in eastern China 

exhibiting relatively higher GUEUL. In 2005, Pearl River Delta UA (0.656) and Western Tai-

wan Strait UA (0.488) are at the top of the list of most efficient UAs, followed by Yangtze River 

Delta UA (0.423), Hu-Bao-E-Yu UA (0.406) and Shandong Peninsula UA (0.400). By compari-

son, Chengdu-Chongqing UA (0.292) and Central Guizhou UA (0.272) exhibit relatively low 

GEE. In 2019, Yangtze River Delta UA (1.048) and Pearl River Delta UA (1.030) exhibit the 

highest GUEUL, followed by Hu-Bao-E-Yu UA (1.019), Shandong Peninsula UA (1.013) and 

Western Taiwan Strait UA (1.012). By contrast, Beibu Gulf UA (0.391) and Central Shanxi UA 

(0.353) exhibit relatively low GUEUL. As demonstrated in Figure 5, there are also significant 

variations in the extent of polycentricity across UAs. In 2005, Shandong Peninsula UA (3.305) 

and Central Plains UA (1.870) are at the top of the list of most polycentric UAs, followed by 

Beibu Gulf UA (1.798), Guanzhong Plain UA (1.649) and Pearl River Delta UA (1.591). By com-

parison, Central and Southern Liaoning UA (0.939) and Chengdu-Chongqing UA (0.746) can 

be characterized as the most monocentric UAs. In 2019, Shandong Peninsula UA (3.239) and 

Central Plains UA (2.010) still exhibit the highest degree of polycentricity, followed by Beibu 

Gulf UA (2.005), Yangtze River Delta UA (1.847) and Western Taiwan Strait UA (1.808). By 

contrast, Central and Southern Liaoning UA (0.948) and Chengdu-Chongqing UA (0.698) ex-

hibit the lowest degree of polycentricity. 

 

Figure 4. GUEUL of sample UAs for selected years. 
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Figure 5. Degree of polycentricity of sample UAs for selected years. 

4.2. Estimation Results of Models of Determinants of GUEUL 

Estimation results of the baseline model of determinants of GUEUL are shown in 

Table 2. Results of pooled OLS estimation, fixed-effects estimation and random-effects es-

timation are presented in column (1), column (2) and column (3), respectively. Since Haus-

man specification test rejects random-effects specification (Chisq = 17.83, p value = 0.01), 

fixed-effects specification is preferred, and the following analysis is based on that specifi-

cation. Of primary interest is the coefficient on the variable indicating the degree of poly-

centricity (POL), which has a positive sign and is statistically significant. Hence, the hy-

pothesis that polycentric development positively impacts GUEUL of major UAs in China 

during the sample period (Hypothesis 1) is supported by the estimation results. Another 

variable characterizing the spatial structure, i.e., the degree of agglomeration (AGG), pos-

itively impact GUEUL as well. Economic development level is positively associated with 

GUEUL. A 10,000-CNY rise in per capita GDP leads to a 0.103-unit rise in GUEUL. The 

intensity of government investment in science and technology is positively related to 

GUEUL. A 1-percentage-point increase in the proportion of expenditure on science and 

technology in local governments’ budgetary expenditure results in a 0.04-unit rise in 

GUEUL.  
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Table 2. Estimation results of the baseline model of determinants of GUEUL. 

 (1) (2) (3) 

 
Pooled OLS 

Estimation 

Fixed-Effects 

Estimation 

Random-Effects 

Estimation 

1, tiPOL  0.037 *** 0.277 *** 0.109 *** 

 (0.013) (0.084) (0.029) 

1, tiAGG  0.167 ** 1.055 *** 0.429 *** 

 (0.070) (0.305) (0.135) 

1, tiPCGDP  0.072 *** 0.103 *** 0.101 *** 

 (0.004) (0.010) (0.008) 

1, tiFDI  1.278 ** −0.397 −0.606 

 (0.525) (0.508) (0.451) 

1, tiGEXP  −0.896 *** 0.616 0.688 

 (0.197) (0.447) (0.414) 

1, tiSTEXP  0.802 4.021 *** 3.366 *** 

 (0.642) (0.705) (0.691) 

Constant 0.258 *** −0.634 *** −0.142 

 (0.052) (0.228) (0.100) 

UA-specific effects No Yes Yes 

Year dummies  No Yes Yes 

Number of observations 224 224 224 

R-squared  0.804 0.771 0.763 

Notes: (1) Standard errors are shown in parentheses below parameter estimates. (2) *** and ** denote 

significance at the 1% and 5% level, respectively. 

In the next step, the panel threshold model of determinants of GUEUL is estimated. 

As shown in Table 3, the single threshold effect is statistically significant (p-value being 

0.030), and the double threshold effect is not statistically significant. The estimate of the 

threshold value is 8.925 (as shown in Table 4). Thus, a single threshold model is estimated, 

and estimation results are presented in Table 5. The effect of polycentric development on 

GUEUL exhibits nonlinear characteristics and tends to increase with economic develop-

ment level (Hypothesis 2). When per capita GDP is lower than 89,250 CNY, a one-unit rise 

in the degree of polycentricity leads to a 0.253-unit rise in GUEUL; when per capita GDP 

is higher than 89,250 CNY, a one-unit rise in the degree of polycentricity results in a 0.348-

unit rise in GUEUL. As discussed previously, as an economy develops, infrastructure 

tends to improve and market system tends to mature, facilitating the “regionalization” of 

agglomeration economies. In addition, the advantage of a more polycentric development 

pattern in reducing agglomeration diseconomies can become more apparent. The positive 

effect of the degree of agglomeration on GUEUL decreases with economic development 

level (when GDP per capita is lower than 89,250 CNY, the coefficient on AGG is 1.109; 

when GDP per capita is higher than 89,250 CNY, the coefficient on AGG is 0.584), sug-

gesting a declining importance of geographical concentration in enhancing resource utili-

zation efficiency (consistent with the view that geographical agglomeration can be substi-

tuted by network connections [15]). 

Table 3. The results of the tests for threshold effects. 

Threshold F-Statistics p-Value 10% Critical Value 5% Critical Value 1% Critical Value 

Single threshold 43.010 *** 0.030 31.030 38.603 49.482 

Double threshold 18.930 0.400 58.679 76.200 95.336 

Notes: *** denotes significance at the 1% level. 
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Table 4. Threshold estimates. 

 Estimate 95% Confidence Interval 

̂ 8.925 [8.876, 9.322] 

Table 5. Estimation results of panel threshold model of determinants of GUEUL. 

Variables Coefficient Estimates Standard Errors t-Statistics p-Value 

1, tiPCGDP  0.103 *** 0.010 9.920 0.000 

1, tiFDI  −0.605 0.502 −1.210 0.229 

1, tiGEXP  0.979 0.644 1.520 0.131 

1, tiSTEXP  2.619 *** 0.845 3.100 0.002 

)925.8( 1,1,  titi PCGDPIPOL  0.253 *** 0.083 3.030 0.003 

)925.8( 1,1,  titi PCGDPIPOL  0.348 *** 0.092 3.800 0.000 

)925.8( 1,1,  titi PCGDPIAGG  1.109 *** 0.307 3.610 0.000 

)925.8( 1,1,  titi PCGDPIAGG  0.584 * 0.337 1.730 0.085 

Constant −0.653 0.225 −2.910 0.004 

UA-specific effects Yes    

Year dummies Yes    

Number of observations 224    

R-squared 0.783    

Notes: *** and * denote significance at the 1% and 10% level, respectively. 

5. Discussion 

The empirical results of this research add to the growing literature concerning the 

effectiveness of polycentric development in improving resource utilization efficiency and 

promoting environmental sustainability. While much previous research finds that there 

exists a positive linkage between the degree of polycentricity and labor productivity 

[28,29,31], this study provides evidence that polycentric development can improve 

GUEUL, which takes into account environmental pollutants and is deemed to be a more 

accurate and comprehensive measure of urban land use efficiency. Thus, empirical evi-

dence supports the view that polycentric development can be a useful tool for promoting 

superior resource utilization efficiency, when infrastructures and functioning market sys-

tems are well developed and the prerequisites for the “regionalization” of agglomeration 

economies are fulfilled. The nonlinear characteristics of the impacts of spatial structure on 

GUEUL found in this research have important policy implications. Firstly, since the em-

pirical results suggest that effect of polycentric development on GUEUL of UAs rises with 

economic development level, it can be more beneficial for UAs undergoing rapid eco-

nomic growth to apply polycentric development strategies. Secondly, given the declining 

importance of geographical concentration in enhancing resource utilization efficiency, 

planners and policy makers should pay attention to not only agglomeration economies 

but also negative agglomeration externalities. 

Since a UA covers multiple cities and many socio-economic polices must be coordi-

nated across administrative boundaries, there is a need to foster cooperation at the re-

gional level so as to generate the desirable effects summarized as “a polycentric UA being 

more than the sum of the parts”. First, it is vital to facilitate the formation of complemen-

tarity between different cities within a UA. Complementarity refers to a situation in which 

individual cities within a UA perform different economic roles (specializing in manufac-

turing, financial services, transport services, etc.) and host different urban facilities (edu-

cational facilities, cultural facilities, medical facilities, etc.), and each city provides services 

for other cities within the UA (not only for the city itself). On the one hand, complemen-

tarity allows individual cities to concentrate their efforts on core activities (i.e., attain a 

higher level of specialization) and obtain access to a larger market, thus leading to 
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improved resource utilization efficiency of individual cities. Citizens and enterprises 

within a UA can also benefit by choosing from a more diverse set of urban facilities and 

services. On the other hand, complementarity helps avoid multiplication of efforts or frag-

mented efforts by individual cities, thus reducing disorderly competitions within a UA. 

Second, it is essential to strengthen the connections between different cities within a UA 

through infrastructure development. This can assist the movement of factors of produc-

tion and substantially decrease transport costs and commuting costs, thus improving al-

locative efficiency and enhancing resource utilization efficiency. Since investment in in-

frastructure is subject to indivisibilities and economies of scale, individual cities need to 

cooperate closely in infrastructure provision. However, as suggested by Parr [20], this 

type of cooperation can only be sustained when the allocation of benefits among different 

cities is broadly in conformity with corresponding allocation of costs. Third, individual 

cities within a UA need not only to be physically linked through infrastructure, but also 

to be institutionally, socially and culturally connected, and it is important to build a sense 

of identity among different cities. In addition, resolving many urban problems or chal-

lenges requires the participation of multiple stakeholders in public and private sectors 

and is increasingly achieved through a governance mode [19]. 

6. Conclusions 

In the context of increasing environmental and resource constraints and rising envi-

ronmental awareness around the globe, “green growth” is widely acknowledged as a 

more inclusive and sustainable development paradigm, and the measurement and deter-

minants of GUEUL is currently the subject of a rapidly expanding literature. In the era of 

a widening geographical scope of economic processes due to rapid technical advance, UA 

is increasingly being treated as the unit of analysis in research on resource utilization ef-

ficiency. This research contributes to the literature concerning determinants of GUEUL by 

paying attention to the effects exerted by spatial structure. More specifically, this research 

examines impacts of polycentric development on GUEUL of UAs, using data for major 

UAs in China covering the period between 2005 and 2019. GUEUL is measured by em-

ploying directional super-SBM model, and extent of polycentricity is measured by em-

ploying the rank-size distribution-based approach. It is found that GUEUL shows a clear 

rising trend during the sample period. There are significant variations in GUEUL and the 

degree of polycentricity across UAs. The association between polycentric development 

and GUEUL is examined by estimating models of determinants of GUEUL, and the non-

linear characteristics of the relationship are investigated by employing the panel threshold 

model approach. The results suggest that polycentric development positively impacts 

GUEUL, and such effect rises with economic development level. In addition, degree of 

agglomeration, economic development level and intensity of government investment in 

science and technology is found to be positively linked to GUEUL. 

This research employs socio-economic data to characterize spatial structure. It is 

worth noting that researchers with different disciplinary background or in different sub-

ject areas employ different methodological approaches and different types of data to ex-

plore spatial structure. For example, many researchers have employed landscape data to 

characterizing spatial structure. Future research can explore the effects of spatial structure 

on GUEUL based on other spatial metrics and other types of data. There is an increasing 

trend in urban and regional studies to employ the social network analysis approach to 

examine the connections between different cities within a UA based on various types of 

flow data (data on goods flow, commuting flow, capital flow, information flow, 

knowledge flow, etc.), and many scholars argue that there can be interaction effects be-

tween the strength of connections within a UA and the spatial structure of a UA in deter-

mining resource utilization efficiency. As data technologies advance and more flow data 

becomes available, it is interesting to explore such interaction effects and investigate 

whether the effects of spatial structure on resource utilization efficiency are contingent on 

the strength of connections within a UA. In addition, since it is widely recognized that 
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deepening market integration helps improve allocative efficiency and enhance resource 

utilization efficiency, efforts can be made to measure extent of market integration and ex-

plore its impact on GUEUL. 
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