<@ sustainability

Article

Temporal-Spatial Structure and Influencing Factors of Urban
Energy Efficiency in China’s Agglomeration Areas

Luping Zhang, Yingying Zhu and Liwei Fan *

check for

updates
Citation: Zhang, L.; Zhu, Y,; Fan, L.
Temporal-Spatial Structure and
Influencing Factors of Urban Energy
Efficiency in China’s Agglomeration
Areas. Sustainability 2021, 13, 10961.
https:/ /doi.org/10.3390/s5u131910961

Academic Editor: Tomonobu Senjyu

Received: 11 September 2021
Accepted: 29 September 2021
Published: 2 October 2021

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

School of Economics and Management, China University of Petroleum, Qingdao 266580, China;
zlp@upc.edu.cn (L.Z.); rolf.zhang@outlook.com (Y.Z.)
* Correspondence: fanlw@upc.edu.cn

Abstract: Energy efficiency has proved to be effective in mitigating greenhouse gas emissions and is
significant to carbon neutrality targets. Urban agglomeration is the major engine of urbanization
supporting economic growth. To optimizing the spatial exchange structure to improve regional
energy efficiency by integrating the total factor energy efficiency model and social network analysis,
this study constructs the spatial network of energy efficiency among cities within five major urban
agglomerations in China for the period 2011-2018 and investigates their spatial association character-
istics. The influencing factors of each spatial network structure are also explored by the quadratic
assignment procedure method. The findings show that the spatial association of energy efficiency
within each urban agglomeration presents a typical network structure, but with considerable dispar-
ity among urban agglomerations. Most cities in the Yangtze River Delta and Pearl River Delta are
closely connected with each other, while the surrounding cities in the areas of Beijing-Tianjin-Hebei,
Chengyu and the Middle Reaches of the Yangtze River highly depend on their corresponding central
cities. The spatial adjacency and GDP per capita determine the urban spatial relationship of the
energy efficiency within urban agglomerations. In addition, the spatial correlation of urban energy
efficiency in the Beijing-Tianjin-Hebei, Chengyu and Middle Reaches of the Yangtze River areas is
also affected by the differences in energy consumption, capital stock, number of labor force and
pollutant emission. Some suggestions for improving urban energy efficiency are discussed.

Keywords: total factor energy efficiency; urban agglomeration; spatial association; social net-
work analysis

1. Introduction

With economic development and intensive industrialization, humans have experi-
enced a process of rapid urbanization during the past decades. Compared with only
one-third of urban population in 1950, the world may roughly reverse the rural-urban
population distribution by 2050 and about 70% of population will be settled in urban
areas [1]. The positive effect of the sprawling of urban landscapes has been evidenced to
be capable of increasing economic efficiency, such as sharping economic growth, rising
incomes and increasing productivity [2]. Therefore, urban agglomeration, as an advanced
spatial expressional form of integrated cities, can be the major engine of the urbanization
for prosperous economic growth [3], and has encouraged widespread interests among the
urban studies and geography communities [4]. Nevertheless, the development of urban
agglomeration confronts challenges, especially on global climate change. Responsible for
more than 70% of greenhouse gas emissions [5] and 67-76% of global energy use [6], urban
areas have become the main battlefield in the fight against environmental and climate
change. The process of urban agglomeration is proven to be able to alleviate greenhouse
gas emissions [6]; however, a significant gap in achieving net zero emissions by the middle
of the century still exists [7], and urban resilience for sustainable development is increas-
ing [8]. With the further expansion of urban agglomerations, extra urban infrastructure
and more energy consumption are inevitably required, which are major contributors to
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greenhouse gas emissions. How global economies can balance the development of urban
agglomeration and the commitment of the greenhouse gas emissions is a sophisticated
issue and should be thoroughly investigated.

In the past years, to meet climate targets, international scholars and organizations
have reached a consensus on the matter that energy efficiency is the first fuel, and its
improvement progress should be accelerated. In response, great efforts at various levels
in academic communities have been made to evaluate energy efficiency, analyze the cor-
responding influencing factors, discuss the relationship between energy efficiency and
economic growth and the spatial effects, etc. With respect to recent energy efficiency
evaluation, Wang et al. [9] evaluated China’s regional energy efficiency performance by
using the super efficiency data envelopment analysis and discussed regional disparity.
During the past ten years, China’s regional energy efficiency is at a relatively low level,
and the energy efficiency in the most developed region shows signs of downward trend.
Liet al. [10] used a similar model to study the industrial total factor energy efficiency and
concluded that there is still room for the improvement of energy efficiency in the industrial
sector. Zhang et al. [11] considered the heterogenous impact on energy efficiency and
conducted an empirical study on urban energy efficiency performance by combining the
stochastic frontier analysis and the mean variance classification approach. They found
that central cities with steady and relatively high energy efficiency can have significant
impact on the energy efficiency improvement of their dependencies. Aldieri et al. [12]
investigated energy efficiency for both developed and developing countries through a joint
analysis of innovation, resilience, and adaptation via the conventional frontier model. In
addition to the development of the frontier methods for the evaluation of energy efficiency,
multicriteria decision-making methods are also explored in this field, see Bai et al. [13].
Another example is that a stochastic multicriteria acceptability analysis combining the pref-
erences among energy trilemma was employed to measure national energy performance,
see Song et al. [14]. In addition to the macro perspective, scholars also discuss the effi-
ciency improvement of energy utilization from a micro technical perspective. For example,
the contribution of energy-saving technologies in improving energy efficiency is valued
by [15-18]. The promotion of EVs in the transportation sector provides a powerful way to
improve overall energy efficiency.

Notably, the early energy efficiency evaluation studies mainly concentrated on how
to maximize the positive effect of energy consumption on economic growth by adopting
the single-factor energy efficiency index. However, this index takes energy consumption
as the only input and fails to consider the possible substitution effect among different
inputs such as energy, capital, or labor [19,20]. The single factor energy efficiency index
ignores the undesired output in the production process [21]. Hence, Hu and Wang [22] first
introduced the index of the total factor energy efficiency based on the data envelopment
analysis by considering multiple input factors. Compared with the single factor energy
efficiency index, the new index was more consistent with the real production process. Until
now, the total factor energy efficiency has been a standard framework in assessing energy
efficiency at different levels, e.g., [23-29].

To investigate how and what factors can influence the improvement of energy effi-
ciency, many in-depth and detailed studies have been conducted. Meyer [30] reported the
effectiveness of market forces to promote energy efficiency. Higher marketization can force
market players to continuously accelerate the progress of energy efficiency with production
optimization. The study by Birol and Keppler [31] emphasizes that the price of energy and
new technologies are two important options to influence the changes in energy efficiency.
The corresponding policies for these two options are suggested to be promoted simultane-
ously, rather than separately. The price factor is also proved by Steinbuks and Neuhoff [32]
with an econometric analysis on five manufacturing industries. Sun et al.’s [33] research
shows that the scale efficiency is the major contributor to the achievement of overall energy
efficiency for resource-intensive cities, and a significant positive relationship exists between
the urban population and urban energy efficiency. Recently, Liu et al. [34] provided some
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evidence to prove per capita GDP, industrial and transport structure, and fuel price all have
a positive impact on the energy efficiency of the transport sector by integrating the Tobit
censored model and the truncated model. In addition to these four factors, Liu and Lin [35]
also confirmed that environmental protection can improve energy efficiency effectively.
Besides, Li et al.’s [10] empirical study further is evidence that environmental regulation
nonlinearly affects industrial energy efficiency with a U-shaped relationship, which may
indicate that strong environmental regulation should be implemented for the improvement
of energy efficiency in industries. From a spatial perspective, Cheng et al. [36] stated that
different regions have significant differences of energy efficiency through the conditional
convergence test. The studies conducted by Bai et al. [37] in the transportation industry sup-
ports this conclusion, and Zhang et al. [11] further found that the same influencing factors
can have distinguished effects, especially considering the spatial and temporal dimensions.
Du et al. [38] pioneered the discussion of the spatial impacts of urban agglomeration on
urban energy efficiency based on a mono-index and panel data in China.

It is plausible to suppose that the spatial factors may significantly impact on the
improvement of energy efficiency. Energy efficiency has a spatial spillover effect with
technology diffusion efficiency in essence [39]. Regional energy efficiency can generate
spatial spillover through an imitation and transmission mechanism [6,40,41]. Therefore, the
promotion of energy efficiency may consider the urban area’s own use efficiency and others’
spillover effects simultaneously. However, as we noticed, most of the previous studies
used “attribute data” to investigate the spatial differentiation of the energy efficiency. Peng
et al. [42] criticized that “attribute data”-based studies can fail to reveal the structural
characteristics of the spatial correlation. Structural characteristics often determine the per-
formance of the “attribute data” and has more analytical value than “attribute data” [39]. In
addition, traditional multiple linear regression and spatial econometric methods may limit
the spatial correlation to the adjacent areas in geography [42]. Due to the improvement of
infrastructure construction and the guidance of regional coordinated development policies,
the production factors can exchange in a large spatial range. Traditional measurement
methods may not thoroughly grasp the spatial structural correlation of energy efficiency
among regions.

Hence, the network, which can contain multiple subjects and characterize structural
features, has become a new method to study spatial relationships for improving the
efficiency of policy implementation. For example, Bai et al. [37] discussed the spatial
properties that provincial carbon emissions in the transportation section show in the form
of the network structure. He et al. [43] empirically analyzed the network characteristics of
carbon emissions in the electricity sector by integrating the social network analysis and
gravity model and concluded China’s electricity sector shares a relatively stable overall
network structure and are connected with each other closely. By an integrated analysis
of network-oriented metrics, Gao et al. [44] investigated the embodied energy flow in
a developing country under the foundation of handling the supply-demand security
and climate change. Similarly, Lv et al. [45] investigated the embodied carbon transfer
by joint analysis of multiregional input-output and social network analysis methods.
Nevertheless, few studies are concerned about the spatial network structure of energy
efficiency, especially in the areas of urban agglomeration. To the best of our knowledge,
only Peng et al. [42] examined and demonstrated the spatial network structure and the
corresponding characteristics of energy eco-efficiency in China’s Jiangsu Province.

We address the gap by introducing the social network analysis method into the inves-
tigation of energy efficiency’s spatial structure characteristics in the China’s major urban
agglomeration areas, i.e., Beijing-Tianjin-Hebei, the Yangtze River Delta and Pearl River
Delta, Middle Reaches of the Yangtze River and Chengyu urban agglomerations. Currently,
urban agglomeration is the major engine of the urbanization for supporting economic
growth in China [3], emphasized in the latest Five-Year Plan of China for further coordi-
nated regional development. Relatively, Beijing-Tianjin-Hebei, the Yangtze River Delta and
Pearl River Delta are characterized by the fastest increase in population, and are marked



Sustainability 2021, 13, 10961

4 0f 20

the most urbanized and highly economic development in China. While the Middle Reaches
of the Yangtze River and Chengyu urban agglomerations, as the emerging centers of the
central and western regions, are also experiencing a rapid speed of development. In 2018,
these major urban agglomerations accounted for 40% of the country’s total population and
53.7% of the country’s total GDP. As the largest developing country, China has committed
to reach peak emissions before 2030 and become carbon neutral before 2060. In carbon
neutrality, the prosperous development of urban agglomerations inevitably faces huge
pressures. This study focuses on the spatial structure relationship of energy efficiency in the
national urban agglomerations through constructing the association network of the urban
total factor energy efficiency. Then the structural association relationship of the regional
energy efficiency and the role of different cities in the corresponding energy efficiency
network can be comprehensively investigated. We hope the empirical study can break the
limits of the geographical location in the energy efficiency research communities and pro-
vide insights in balancing the development of urban agglomeration and the commitment
of the carbon emissions. Moreover, the policy implications drawn from the investigation
of the spatial interactive structure of cities in urban agglomeration areas may be more
targeted to optimize the spatial structure among cities, and jointly improve the connected
urban energy efficiency.

In general, the main contributions of our study are as follows. Firstly, we explore the
possibility of employing a social network analysis in the investigation of energy efficiency’s
spatial structure characteristics. The proposed framework by integrating the total factor
energy efficiency model and social network analysis can be used to study the spatial
differentiation of energy efficiency using structural data, comparatively. Secondly, our
empirical study was conducted on China’s representative urban agglomeration areas. The
findings can have an important impact on policy implications, especially to those spatial
connected cities.

The remainder of this paper is organized as follows. Section 2 introduces the models
employed to estimate the urban energy efficiency and to construct the corresponding
spatial network structure of urban energy efficiency. A panel dataset is also introduced
in this section. Based on the introduced models and dataset, Section 3 implements the
empirical study and discusses the results. Section 4 summarizes this paper and proposes
some suggestions. The symbols we introduced are listed in Nomenclature.

2. Methods and Data Description
2.1. Total Factor Energy Efficiency Estimation Model

The study takes each city as the decision-making unit (DMU) and defines E, NE, Y, B
as energy inputs, non-energy inputs, and desirable outputs and undesirable outputs,
respectively. The urban energy input is expressed by its energy consumption, which is
calculated by converting different types of energy into standard coal (unit: 10,000 t of
standard coal). The non-energy inputs include the capital stock and labor force (unit:
10,000 people), while the desirable outputs and undesirable outputs are expressed by the
actual GDP (unit: CNY 100 million) and industrial sulfur dioxide emissions of each city
(10,000 t), respectively. Under the total factor energy efficiency framework, the production
technology can be described as T = {(E, NE, Y, B) : (E, NE) which can produce (Y, B)}.
To reasonably simulate the joint production process of desirable and undesirable outputs,
according to [19], the production technology set also needs to meet the weakly disposable
and the null-jointness assumption. Following Zhou et al. [25] and Meng et al. [20], the
non-radial directional distance function is expressed as:

—
D(E,NE,Y,B;g) = sup{wT/s . ((E,NE,Y, B) + g x diag(B)) € T}, 1)
where w = (wg, wNg, Wy, wp), satisfying wg + wng + wy + wp = 1, represents a stan-

dardized weight vector, which is related to the quantity of input and output. This vec-
tor allows decisionmakers to optimize input and output according to their importance.
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g = (8E,8NE, 8§y, gB) is the directional vector, which specifies the direction of input and
output change. B = (Bg, BNE, By, Bp) is a diagonal matrix, representing the adjustment
amount of input decrease and output increase.
Then, under the scenario of energy conservation, emission reduction and economic
growth, this study sets ¢ = (¢r,9NE,8v,88) = (—E,0,Y, —B) and w = (wg, wNE, Wy, W)
37
technology can be expressed as model (2).

= <1 0, %, %) Under constant returns to scale, following Zhou et al. [25], the production

—

BN, 15) = a3+ v + 1) .

N
st. Y ZyEn <E—EBg
n=1
N
ZuNE, < NE
n=1
N
ZnYn > Y +YBy
n=1
N
ZuBy < B— Bpg

n=1

Z,>0,n=1,2,..., N
0 < B, By, Bp <1

>

Suppose D is the optimal solution of model (2), the city’s total factor energy efficiency
%

then can be expressed as EE =1 — D . For easy implement of social network analysis, we
normalize energy efficiency in (0, 100).

2.2. The Social Network Analysis Method

This study intends to deal with the spatial structures of energy efficiency in major
urban agglomeration areas in China based on the social network analysis method. The
spatial structure of energy efficiency can be captured by the spatial association network,
which is explained as an aggregate of the energy efficiency relationships among cities within
each urban agglomeration. Once the indicator measuring the relationship between cities
satisfies a certain subjective threshold value, the corresponding relationship is significant,
and a line can be drawn between cities with associated energy efficiency. Following this
path, a network map of the spatial energy efficiency relationships in urban agglomeration
can be created. Therefore, the underlying basis of the process is to represent complex and
diverse relationship forms as certain network structures. The key to employing a social
network analysis is the determination of the relationship among actors [39]. There are two
main methods to determine the spatial correlation relationship. One is the gravity model,
of which application examples can be found in [13,39,43,46]. The other is the Granger
causality test based on the vector auto regression (VAR) method, see [42]. The gravity
model cannot only describe the evolution trend of the spatial association network by using
the cross-section data, but also consider the influence of distance factors on the association
relationship, hence, gravity model, as shown by model (3), is adopted to construct the
spatial correlation network of the energy efficiency among cities in urban agglomerations.

mim]-
Yij =k——, 3)
Y

where y;; represents the mutual correlation between energy efficiency of city i and j. m;
and m; are the “mass” of i and j, respectively. d;; is the distance between two objects i and
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j. k is the empirical parameter. To employ the gravity model in our study, model (3) is
modified as follows:

yii = EEi Q/PiXEiXEEiE/P]‘XE]‘XEE]'
ij — ) )
EE; + EE; (dﬁ)z

, @)
where EE;(;) is the total factor energy efficiency of city i (j). The coefficient k is defined
as kjj = (EE;)/ (EE; + EEj) representing the contribution rate of the city i in the energy
efficiency connection between city i and j. P is the population and E is the city’s gross
domestic product (GDP). Considering the influence of geographical and economic distance
factors on the spatial correlation of the urban energy efficiency, 1/ (e; — ¢;) is used to
update the spatial distance in model (3). e is the per capita GDP in this study. Thus,
dij/ (e; — e;) represents the “economic geographical distance” between two cities. Then, y;;
can be illustrated as the gravitational intensity of the energy efficiency between city i and
J- According to model (4), the energy efficiency gravity matrix G;; between cities within
urban agglomerations can be constructed as follows.

yu Yz o Yy
Y21 Y22 - Y2

Gj=1| . . . P
yan Y2 o Yij

We first take the mean value of the gravity intensity of each row in the gravity matrix
as the threshold value. If the gravity value y;; is greater than the threshold value of the
corresponding row, then it is recorded as 1, which then indicates there is a significant
correlation between the energy efficiency of cities 7 and j. Then we take cities i and j as
nodes in the network map and draw a line between them. On the contrary, it is recorded
as 0, indicating no significant correlation between the energy efficiency of city i and j
exists, and thus there is no line between them. After finishing the comparison, the spatial
association network of the energy efficiency in China’s five urban agglomerations can
be constructed.

Based on the constructed networks, we can identify specific influential cities and
examine other important properties. For the purpose, overall and individual network
characteristics are respectively measured by the following indexes. For investigating overall
network characteristics, three indexes, that is network density, network connectedness
and network hierarchy, are selected. Network density can capture the closeness of the
constructed energy efficiency association network, which is expressed as:

L

P=NxN-1) ©

where L is the number of network relationships, N x (N — 1) is the maximum possible
number of network relationships. Greater values of the network density indicate energy
efficiency has closer relationship between cities, and the network structure will have higher
impact on the energy efficiency.

Network connectedness can capture the structure’s robustness and vulnerability of
our constructed energy efficiency association network, which can be expressed as:

Vv

c=1-— "
N-1
N x5

, (6)

where N is the number of cities in the network, and V' is the number of unconnected point
pairs. When C equals 1, we can assume that all cities within the urban agglomeration are
in the individual network, and the constructed energy efficiency association network is
robust. Otherwise, the network would be vulnerable.
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Network hierarchy reflects the hierarchical structure of each city in the network. The
network hierarchy H is expressed as:

H=1-—% @)
max ()
where ¢ is the number of paired cities that are symmetrically reachable in the constructed
network, and max(¢) is the maximum possible number of symmetrically reachable cities.
Greater values of the network hierarchy indicate the status difference among cities is
more significant in the spatial energy efficiency correlation network, and more cities are
subordinate and marginalized.

The characteristics of an individual network can be explored based on the concept of
the centrality, which captures the importance of each city in the spatial energy efficiency
association network. There are also three indicators can be employed, i.e., degree centrality,
closeness centrality and betweenness centrality. Degree centrality reflects the virtual central
position of each city in our spatial network. The cities with a higher degree centrality have
more connections with others, that is, it is more in the center of the network, indicating it is
more important in relation to other cities. The improvement of energy efficiency in other
cities may substantially depend on the central cities. The calculation formula is:

n
De= 7 8
where 7 is the actual number of relationships associated with a city directly, and N is the
maximum number of relationships that may be directly associated.

Closeness centrality is the inverse of the sum of average distances from one city to
all other cities, and measures the mean distance from one city to other cities. It can be
explained as the extent to which the energy efficiency of an individual city is not controlled
by other cities. The higher the closeness centrality of a city is, the less likely it is to rely on
other cities in the network to complete the connection, and the more direct connections it
has with other cities. Cities with high closeness centrality can be regarded as central actors
in the formation of network correlation. The calculation formula is as follows:

n
Ca, = d..
j=1Yij

©)
where Cj, is the closeness centrality of city i, d;; is the distance between city i and j.

Betweenness centrality measures the degree to which a city is on the path between
other cities. For two cities in the spatial energy efficiency association network, there may
be many shortest paths between them. We can calculate all the shortest paths between
these two cities. If there are enough shortest paths passing through a city, it is considered
that the betweenness centrality of this city is high, and the city can exert strong control
over the interaction between other cities. This explanation implies that a city with higher
betweenness centrality value can substantially influence other cities. The change in energy
efficiency may be consistent between the city and its controlled other cities. The calculation
formula is as follows:

_ 2x Z]]\i1 Z]Z(\I=1 bjk(i)
bi T T N2Z_3N+2

,j#k#i andj <k, (10)

by (i) = f]jf—il) is the ability of city i to control the association of j and k. Where fj; is the
]
number of shortcuts between two cities j and k, fj(i) is the number of shortcuts through

city i.
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Notation

E Energy inputs
NE Non-energy inputs

Y Desirable outputs

B Undesirable outputs

w Standardized weight vector

g Directional vector
EE Total factor energy efficiency

e Per capita GDP

djj Spherical distance between two cities

Gij Gravity matrix

D Network density index

c Network connectedness index

H Network hierarchy index

Vv The number of unreachable city pairs in the network
N The number of network nodes (cities)

@ The number of paired cities that are symmetrically reachable in the constructed network
D, Degree centrality index
Ca, Closeness centrality index
Cy, Betweenness centrality index
fik The number of shortcuts between two cities j and k

fix(i) ~ The number of shortcuts which through city i.

2.3. Indicator and Data Source Description

Considering the study’s purpose and the availability of data, we collected the data
from 94 cities in China’s five major urban agglomeration areas. In the energy efficiency
calculation model, the energy input of a city is expressed by its energy consumption, which
is calculated by converting different types of energy into standard coal. The non-energy
inputs include capital stock and labor force, while the desirable outputs and undesirable
outputs are expressed by the actual GDP and industrial sulfur dioxide emissions of each
city, respectively. All data are from the China City Statistical Yearbook and the Statistical
Bulletins. The conversion factors from physical unit to coal equivalent refers to the China
Energy Statistical Yearbook. In the gravity model, the required data include the total
factor energy efficiency of each city, population, GDP, the per capita GDP and the distance
between cities. The distance between cities is represented by spherical distance, which is
calculated by ArcGIS. The capital stock and GDP are deflated by 2011 = 100.

3. Results and Discussion

This section firstly uses model (2) to measure the energy efficiency of each city in
China’s five urban agglomerations and analyzes the spatial and temporal distribution
of energy efficiency of each urban agglomeration. Then, based on the modified gravity
model (4), the spatial energy efficiency association network is constructed, and the network
structure characteristics of spatial correlation are investigated. Finally, the factors that
may affect the network structure are further discussed. The analytical process is shown in
Figure 1.
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Figure 1. The process for conducting our empirical study.

3.1. Spatial-Temporal Distribution Analysis of Energy Efficiency

Based on model (2), the total factor energy efficiency of 94 cities within five urban
agglomeration areas is calculated for the period of 2011 to 2018. The changes in aver-
age energy efficiency of 94 cities within five urban agglomeration areas are illustrated in
Figure 2, showing that the overall trend is downward despite a certain degree of fluc-
tuations. The urban energy efficiency performance of the Yangtze River Delta region is
competitive in 2014 and before, however, with the largest decrease from 0.80 in 2011 to
0.53 in 2018. The urban energy efficiency performance of the Pearl River Delta region is
generally better than that of cities in other urban agglomeration areas, although its energy
efficiency declined significantly in 2013. The urban energy efficiency performance in the re-
maining urban agglomeration areas is relatively stable with slight a decrease for the period.
Relatively, the urban average energy efficiency within the different urban agglomerations
in different years shows diversity and disparity. Cities in relative mature urban agglomera-
tions, such as the Yangtze River Delta region and the Pearl River Delta region, may have a
higher energy efficiency performance, while, in emerging urban agglomerations, such as
the Middle Reaches of the Yangtze River region and Chengyu region, are accompanied by
a lower performance.

To further investigate the spatial and temporal distribution of urban energy efficiency
in different urban agglomerations, we compared the average energy efficiency in each urban
agglomeration for the period of 2011 to 2018, as illustrated in Figure 3. In the Beijing-Tianjin-
Hebei region, Beijing, Tianjin, Tangshan and Cangzhou have a relatively higher energy
efficiency. While peripheral cities, such as Handan, Qinhuangdao, Xingtai and Zhangjiakou,
have the lowest energy efficiency. The energy efficiency distribution of the Yangtze River
Delta urban agglomeration shows the spatial characteristics of “polarization”, the energy
efficiency of the central cities is obviously lower than that of northern and southern cities
in this area; while the energy efficiency in Pearl River Delta has the characteristic of
“centralization”. The energy efficiency of the central region exceeds the average level of
the studied urban agglomerations. For the remaining urban agglomerations, due to the
relatively weak level of economic development, their coordinated development of energy,
economy and environment are lower than these two urban agglomerations. Moreover, the
energy efficiency in all urban agglomerations shows spatial imbalance. In the Chengyu
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urban agglomeration, Ziyang has the highest energy efficiency which reaches 1, compared
with only 0.3407 for Chongging. The energy efficiency of the spatial distribution in the
Middle Reaches of the Yangtze River shows no obvious clustering during the whole
sample period.

P——
2012 2013 2014 2015 2016 2017 2018
=i~ Beijing-Tianjin-Hebei -o-Yangtze River Delta
=+ Pearl River Delta Chengyu

-#-Middle Reaches of the Yangtze River

Figure 2. The changes in average energy efficiency performance in China’s urban agglomeration areas, 2011-2018.

Encrgy efficiency
(2011.2018)
- [0.85,1.00]
[ [0.70,0.85]
= [0.55,0.70]
1 [0.40,0.55]
1 1026.040] Pearl RiverDelta |}/ \ Yangize River Delta

Figure 3. Spatial distribution of average energy efficiency changes in China’s urban agglomerations (2011-2018).
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3.2. Spatial Association Analysis
3.2.1. Overall Network Structure and Evolution Trend

The spatial energy efficiency association networks were constructed using the modi-
fied gravity model, as illustrated in Figures 4-8. Based on the overall network characteristic
indexes, the network correlation in each sample urban agglomeration equals 1 from 2011 to
2018, which indicates that all cities are in their spatial association network, and the energy
efficiency within each urban agglomeration has a significant spatial correlation relationship.

Figure 4. Spatial association network of Beijing-Tianjin-Hebei urban agglomeration (2011, 2018).

Figure 5. Spatial association network of Yangtze River Delta urban agglomeration (2011, 2018).
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Figure 6. Spatial correlation network of Pearl River Delta urban agglomeration (2011, 2018).

Figure 8. Spatial correlation network of Middle Reaches of the Yangtze River urban agglomeration (2011, 2018).

Figure 9 depicts the evolution trend of network density. It can be seen from Figure 4
that the network density of all urban agglomerations does not fluctuate significantly from
2011 to 2018. This indicates that the development of urban agglomerations does not enhance
the spatial correlation and stability of energy efficiency among cities. The numerical results
of the network density are not high within the five urban agglomerations. For example, the
Pearl River Delta area has the highest network density, but its average actual relationship
number is only 23, and the total number of its maximum possible relationship equals 72.
The linkages between urban energy efficiency still have the enhanced space significance.

Figure 10 shows the network hierarchy of five urban agglomerations. As we can
see from Figure 10, there are two cases: except the Pearl River Delta and the Yangtze
River Delta, the network hierarchy of other urban agglomerations presents an upward
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trend during 2016-2018. The difference of position between cities is increasing, and more
cities are in the subordinate or marginalized position in the spatial correlation network
of the Beijing-Tianjin-Hebei, Chengyu and Middle Reaches of the Yangtze River areas.
The presented network structure may be related to the hierarchical gap within the urban
agglomeration itself. Restricted by the development levels, non-central cities have a limited
ability to receive the radiation from the core cities, which makes it increasingly difficult for
them to share the resources of the central cities. Combining Figure 5 with Figures 7 and §,
for the Yangtze River Delta and the Pearl River Delta, their spatial correlation distribution
is relatively balanced, there are correlations in almost all cities. For the network structures
of other three urban agglomerations, it can be seen that more cities spread outward along
the “supporting points”, while there is almost no correlation between other cities.

2011 2012 2013 2014 2015 2016 2017 2018
= Beijing-Tianjin-Hebei Yangtze River Delta
Pearl River Delta Chengyu

-=-Middle Reaches of the Yangtze River

Figure 9. Network density of spatial correlation network, 2011-2018.

2011 2012 2013 2014 2015 2016 2017 2018
-& Beijing-Tianjin-Hebei Yangtze River Delta
Pearl River Delta Chengyu

=+=Middle Reaches of the Yangtze River

Figure 10. Network hierarchy of spatial correlation network, 2011-2018.

3.2.2. Centrality Analysis

To identify the position and the role of cities in the network, the index of degree
centrality, closeness centrality and betweenness centrality in each urban agglomeration are
analyzed. Tables 1-5 show the centrality results of each urban agglomeration in 2018.
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Table 1. Centrality analysis of energy efficiency spatial correlation network in Beijing-Tianjin-Hebei
urban agglomeration (2018).

City Degree Centrality Closeness Centrality Betweenness Centrality
Beijing 84.615 86.667 36.023
Tianjin 92.308 92.857 6.563

Shijiazhuang 38.462 61.905 7.051
Tangshan 84.615 86.667 15.534
Qinhuangdao 23.077 56.522 0.641
Handan 30.769 59.091 0.000
Xingtai 46.154 65.000 1.709
Baoding 30.769 59.091 3.764
Zhangjiakou 23.077 56.522 0.546
Chengde 23.077 56.522 1.187
Cangzhou 30.769 59.091 3.336
Langfang 23.077 56.522 1.944
Hengshui 38.462 61.905 12.726
Anyang 30.769 59.091 0.000
Mean 42.857 65.532 6.502

Table 2. Centrality analysis of energy efficiency spatial correlation network in Yangtze River Delta
urban agglomeration (2018).

City Degree Centrality Closeness Centrality Betweenness Centrality
Shanghai 46.154 65.000 2.266
Nanjing 34.615 54.167 3.580
Wuxi 76.923 81.250 20.114
Changzhou 53.846 68.421 10.391
Suzhou 65.385 74.286 8.539
Nantong 19.231 53.061 0.135
Yancheng 38.462 59.091 1.699
Yangzhou 23.077 54.167 1.067
Zhenjiang 26.923 52.000 1.877
Taizhou 30.769 56.522 4.141
Hangzhou 26.923 50.980 9.908
Ningbo 42.308 63.415 2.739
Wenzhou 30.769 55.319 0.280
Jiaxing 26.923 54.167 5.095
Huzhou 30.769 55.319 7.023
Shaoxing 38.462 61.905 9.482
Jinhua 34.615 57.778 9.638
Zhoushan 38.462 60.465 2901
Taizhou 26.923 54.167 2171
Hefei 30.769 59.091 0.685
Wuhu 38.462 61.905 2.087
Maanshan 34.615 60.465 6.343
Tongling 26.923 49.057 2.540
Anging 42.308 63.415 5.399
Chuzhou 50.000 65.000 1.529
Chizhou 19.231 53.061 0.346
Xuancheng 53.846 68.421 16.948

Mean 37.322 59.700 5.145




Sustainability 2021, 13, 10961

15 of 20

Table 3. Centrality analysis of energy efficiency spatial correlation network in Pearl River Delta
urban agglomeration (2018).

City Degree Centrality Closeness Centrality Betweenness Centrality
Guangzhou 62.500 72.727 11.310
Shenzhen 62.500 72.727 43.452
Zhuhai 25.000 44.444 0.000
Foshan 37.500 53.333 0.595
Jiangmen 50.000 66.667 23.810
Zhaoqing 37.500 57.143 0.000
Huizhou 25.000 53.333 0.595
Dongguan 37.500 57.143 20.238
Zhongshan 37.500 57.143 5.357
Mean 41.667 59.407 11.706

Table 4. Centrality analysis of energy efficiency spatial correlation network in Chengyu urban

agglomeration (2018).
City Degree Centrality Closeness Centrality Betweenness Centrality
Chonggqing 46.667 53.571 23.643
Chengdu 93.333 93.750 30.393
Zigong 46.667 65.217 4.575
Luzhou 20.000 55.556 1.302
Deyang 33.333 60.000 12.103
Mianyang 13.333 51.724 0.000
Suining 26.667 57.692 23.790
Neijiang 20.000 55.556 1.619
Leshan 20.000 53.571 0.238
Nanchong 33.333 60.000 9.706
Meishan 13.333 51.724 0.000
Yibin 20.000 55.556 0.000
Guangan 20.000 55.556 0.250
Dazhou 20.000 55.556 0.000
Yaan 13.333 51.724 0.000
Ziyang 13.333 51.724 0.000
Mean 28.333 58.030 6.726

As shown in Table 1, the mean values of the three centralities in Beijing-Tianjin-
Hebei are 42.857, 65.532, and 6.502, respectively. Among them, the cities with a higher
degree centrality, closeness centrality and betweenness centrality were Beijing, Tianjin,
and Tangshan. That is, the cities present the feature of the largest number of correlation
relationships, “closest” to other cities, and lead the communication within the urban
agglomeration. Restricted by economic development level and geographical location,
Handan, Anyang, and Zhangjiakou have less correlation with others and are positioned as
the periphery of the network.

As shown in Table 2, the city centrality in the Yangtze River Delta is relatively balanced.
Compared with other urban agglomerations, the results in Yangtze River Delta have lower
standard deviations. Specifically, the centrality values of Wuxi, Suzhou, and Changzhou are
significantly higher than those of other cities, which means Wuxi, Suzhou, and Changzhou
locate in the core area of the network, and they have strong agglomeration and radiation
functions. For other sub-central cities, they also have higher central values. The mean
values of these three centrality values in the Yangtze River Delta urban agglomeration
are 37.322,59.700, and 5.145, respectively. Regarding the degree centrality and closeness
centrality, 12 cities go beyond the average level, and 10 cities go beyond the mean values
of betweenness centrality. Moreover, it is worth noting that Shanghai does not occupy a
dominant position in the network despite a high level of energy efficiency. Particularly, its
betweenness centrality is significantly lower than the average, which may be related to its
geographical location. From an overall viewpoint, cities that play a larger “intermediary”
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role, are most located in the central region of the Yangtze River Delta urban agglomeration.
Tongling, Chizhou, and Nantong have the lowest centrality value. Hence there may be a
certain degree of difficulty for them to insert an influence on the correlation relationship in
the network.

In the Pearl River Delta area, the centrality values of Shenzhen and Guangzhou are
higher than those of other cities, as shown in Table 3. In the network, they have the most
direct connection and the shortest element communication distance with other cities. It
is worth noting that although the energy efficiency level of Jiangmen and Dongguan is
low, the degree centrality and closeness centrality of Jiangmen are lower only than that of
Shenzhen and Guangzhou, which may have an impact on the energy efficiency of other
cities in the network. This is a problem worthy of our attention, because after long-term
development, this feature key city with low efficiency, may cause further widening of the
energy efficiency gap within the Pearl River Delta urban agglomeration.

In the network of the Chengyu area, Table 4 shows that the cities with higher centrality
are mainly concentrated in the main axis of the Chengdu-Chongqing development, such as
Chengdu, Chongging, Zigong, Nanchong, and Deyang. Chengdu is in the absolute center
of the network because of its good economic foundation and technical level. However, as
another important development center in this area, Chongging has a low communication
efficiency with other cities in the network, its degree centrality and closeness centrality are
relatively low. In addition, in the spatial correlation network of energy efficiency in the
Chengyu area, two-fifths of the cities, such as Mianyang, Meishan, Yibin, Dazhou, Yaan,
and Ziyang, have a betweenness centrality of 0. This shows that in the spatial correlation
network of the Chengyu urban agglomeration, there is an obvious gap in the participation
degree of each city.

Table 5. Centrality analysis of energy efficiency spatial correlation network in Middle Reaches of the
Yangtze River urban agglomeration (2018).

City Degree Centrality Closeness Centrality Betweenness Centrality
Nanchang 33.333 50.000 13.882
Jingdezhen 22.222 56.250 0.000
Pingxiang 18.519 51.923 0.000
Jivjiang 18.519 55.102 0.669
Xinyu 44.444 54.000 6.517
Yingtan 29.630 58.696 0.261
Jian 18.519 54.000 6.393
Yichun 18.519 52.941 1.315
Fuzhou 22.222 56.250 4.067
Shangrao 18.519 55.102 0.000
Wuhan 59.259 65.854 20.738
Huangshi 14.815 52.941 0.000
Yichang 29.630 57.447 11.309
Xiangyang 25.926 56.250 0.083
Ezhou 22.222 49.091 0.166
Jingmen 22.222 54.000 0.207
Xiaogan 22.222 54.000 2.925
Jingzhou 18.519 52.941 3.875
Huanggang 29.630 54.000 3.864
Xianning 18.519 55.102 12.475
Changsha 81.481 84.375 41.998
Zhuzhou 22.222 54.000 2.765
Xiangtan 14.815 50.943 0.413
Hengyang 18.519 54.000 4.459
Yueyang 7.407 50.000 1.139
Changde 14.815 51.923 14.744
Yiyang 18.519 52.941 0.000
Loudi 11.111 49.091 1.292

Mean 24.868 55.113 5.556
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As depicted in Table 5, there exists a huge difference in the degree centrality in the
Middle Reaches of the Yangtze River urban agglomeration. The core position of Changsha
is obvious. This characteristic is similar to the network structure dominated by Chengdu in
Chengyu Urban Agglomeration. In addition, about 70% of the cities” values are below the
mean centrality. Therefore, there are great communication obstacles and marginalization
risks in the spatial correlation network of energy efficiency.

3.3. Influencing Factor Analysis

According to the above empirical analysis results, the energy efficiency spatial cor-
relation network structure of China’s five major urban agglomerations presents its own
characteristics. This part further explores the factors influencing the differences in the
network structure characteristics of urban agglomerations and reveals the formation mech-
anism of the spatial association network. Since relational data, in which variables are not
independent of each other, is studied based on a social network analysis in this study, the
quadratic assignment procedure (QAP) method is used for the correlation and regression
analysis following [43,45]. The QAP model is constructed as follows:

T = f(D,C,E,K,L,B),

where T refers to the binary network matrix of spatial association of urban agglomera-
tions. D is the geographical distance association matrix. If two cities are adjacent, the
corresponding element value in D is 1, otherwise, 0. C is the difference matrix of per capita
GDP, which is used to represent the gap of urban economic development. E, K, L and
B are the difference matrices of input-output variables respectively. E is the difference
matrix of energy consumption. K is the capital stock difference matrix. L is the labor
force difference matrix. B is pollutant discharge difference matrix. Except for D, other
explanatory variables are composed of the absolute value difference of each city in 2018.
All difference matrices are also normalized to eliminate the dimensionality effect.

In the QAP correlation analysis, this study sets the number of random permutations
as 5000 times. The correlation results of the spatial association network in urban agglomer-
ations and influencing factors are shown in Table 6. The influence of above factors on the
spatial correlation network structure in different urban agglomerations is heterogeneous.
For the Beijing-Tianjin-Hebei and the Middle Reaches of the Yangtze River urban agglom-
erations, the six explanatory variables are all important factors affecting the formation of
their spatial association network. For the Yangtze River Delta and Pearl River Delta urban
agglomerations, which have higher energy efficiency levels, they also have similarities in
the formation mechanism of their spatial association network: spatial adjacency (D) and
difference of per capita GDP (C) are the key factors affecting the formation of the spatial
association network, while other factors have no significant influence.

Table 6. QAP correlation analysis results.

D C E K L B

Beijing-Tianjin-Hebei 0.266 *** 0.405 *** 0.260 *** 0.265 *** 0.180 ** 0.142 **
Yangtze River Delta 0.353 ** 0.310 *** 0.060 0.057 0.030 0.073 *
Pearl River Delta 0.450 *** 0.476 *** —0.071 0.085 ~0.020 0.017
Chengyu 0.324 *** 0.273 *** 0.199 *** 0.203 *** 0.199 *** 0.082

Middle Reaches of the 0.390 ** 0.252 ** 0.085 *** 0.099 *** 0.075 ** —0.66 **

Yangtze River

Notes: D, C, E, K, L and B represent spatial adjacency relation, per capita GDP difference, energy consumption difference, capital stock
difference, labor force difference and pollutant emission difference, respectively; *: significance at 10% level, **: significance at 5% level,

***: significance at 1% level.

QAP regression results of each urban agglomeration are shown in Table 7. It can
be seen that at the significance level of 1%, D and C have a positive effect on the spatial
correlation effect of energy efficiency in each urban agglomeration. This indicates that
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the spatial correlation of energy efficiency is more likely to occur between geographically
adjacent regions, and the larger the gap of economic development level, the more attraction
provided to the cross-regional flow of factors, which is conducive to the formation of
the spatial association network. At the significance level of 5% and 10%, E shows the
opposite effect on the spatial correlation of the Beijing-Tianjin-Hebei and Chengyu urban
agglomeration, respectively: with the expansion of energy consumption differences, the
spatial correlation of energy efficiency is more likely to occur in the Beijing-Tianjin-Hebei
urban agglomeration, but it is not conducive to the formation of the association network
for the Chengyu urban agglomeration. In addition, for the influencing factors K and B,
except for the spatial correlation of Chengyu urban agglomeration, the test results of K
for other urban agglomerations are not significant. B only showed a significant negative
correlation for the spatial correlation of the Middle Reaches of the Yangtze River urban
agglomerations. This indicates that Chengyu and the Middle reaches of the Yangtze River,
which have a relatively low degree of integration, still have some problems in the effective
integration of resources, capital, and technology.

Table 7. QAP regression analysis results.

D C E K L B
Beijing-Tianjin-Hebei 0.283 *++ 0.356 *+* 0.635 ** ~0.101 —0.581 ** 0.035
Yangtze River Delta 0.357 *** 0.323 *** - - - —0.035
Pearl River Delta 0.400 *** 0.366 *** - - - -
Chengyu 0.323 *++ 0.368 *+* —0.643* 1.323 **+ —0.712 -
Middle Reaches of the 0.369 0.260 *** 0.378 —0.073 ~0.033 —0.079 ***

Yangtze River

Notes: D, C, E, K, L and B represent spatial adjacency relation, per capita GDP difference, energy consumption difference, capital stock
difference, labor force difference and pollutant emission difference, respectively; *: significance at 10% level. **: significance at 5% level,

***: significance at 1% level.

4. Conclusions

In this study, five spatial correlation networks of urban energy efficiency in five
Chinese urban agglomerations were constructed. Then, technologies of social network
analysis and QAP were used to investigate the structural characteristics and influencing
factors of the energy efficiency spatial correlation network, respectively. Based on the
empirical analysis, the main conclusions were drawn. First, the energy efficiency shows
obvious differences among five urban agglomerations. Second, the spatial correlation of
energy efficiency in five urban agglomerations all present a typical network structure, but
with great differences. The spatial association network structure in the Beijing-Tianjin-
Hebei, Chengyu and Middle Reaches of the Yangtze River areas shows the characteristics
of “polarization”. While the spatial structures in Yangtze River Delta and Pearl River Delta
present a more balanced feature. Finally, the results from the QAP analysis show that
spatial adjacency and per capita GDP difference are the main factors affecting the spatial
correlation of urban agglomerations. In addition, the spatial correlation of the urban energy
efficiency in the Beijing-Tianjin-Hebei, Chengyu and Middle Reaches of the Yangtze River
areas is also affected by the differences in energy consumption, capital stock, number of
labor force and pollutant emission to varying degrees.

The empirical study provides a reference for cities to choose partners and formulate
trans-regional policies to improve regional energy efficiency comprehensively. Additionally,
by optimizing the spatial correlation structure, cooperation within the urban agglomeration
can be strengthened, which also contributes to the diffusion of energy conservation and
emission reduction effects. The role of cities in the spatial correlation network should
be fully considered. Since cities with high central values are the key drivers of network
connection, policies can be implemented according to the role of each city, so as to improve
the efficiency of energy policy implementation. Finally, based on the analysis of the factors
affecting the spatial correlation network of energy efficiency, policymakers may exert the
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instruments of government macro-control and market mechanisms to improve the spatial
correlation of energy efficiency.
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Nomenclature

GHG  Greenhouse gas emissions

VAR  Vector auto regression

GDP  Gross domestic product

TFEE Total factor energy efficiency

DEA  Data envelopment analysis

DMU  Decision-making unit

SNA  Social network analysis

UA Urban agglomeration area

QAP  Quadratic assignment procedure method
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