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Abstract: Social networking has become a crucial factor affecting regional economic activities.
Employing the panel data of the Yangtze River Delta and the Pearl River Delta in China, we examine
the influence of environmental regulation on industrial structure and the role that social networks
play in the spillover effect. Using the social media data from the Weibo API and the geo-information
of enterprises, we construct the Weibo network and the enterprise network, then we analyze the
network structures by employing a social network analysis method. The empirical results find the
evidence of the spillover effects of environmental regulation through the above two networks by
using network linkages as weight matrices in spatial econometric regressions.
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1. Introduction

Environmental regulations impact the industrial structure [1,2]. Although the intention of
environmental regulation is to reduce pollution emissions and improve environmental quality, it has
an indirect impact on the performance and distribution of economic activities due to changes in the
burden of firms and the prices of products. Some literature claimed that environmental regulation
increases the burden of manufacturing firms, while having an insignificant effect on the service
industry, leading to a change in the relative share of these industries [3–5]. One recent development
is to shift the focus from its impact inside an economy to the spillover effect. Many studies have
proven that environmental regulation would influence the location choice of manufacturing firms and
spillover effects have been shown across administrative boundaries [6–9].

Economic activities are closely connected under different networks, especially for the cities in
urban agglomeration [10,11]. Social networks are treated as the backbone of social and economic life
and emphasized for the importance of network diversity in the research of social science, due to
the interrelated nature of modern society [12]. The existing literature also emphasized that the focus
of city theories should “no longer be on location, but on interactions and connections, on networks
and the concomitant processes that define flows between places and spaces” [13]. The interaction
effects through social networks have also been emphasized and treated as crucial factors affecting
regional economic activities [14,15]. For the researchers of environmental-economic sustainability,
more attention should also be paid to test the impacts of these social networks on sustainable issues.

In these social networks, social media networks have become more and more important to show
people’s concerns about environmental issues and influence governments’ environmental regulation
policies [16]. With the development of the Internet and information explosion, social media networks
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have become a crucial method for people, enterprise, and government to influence each other, which
also offers us large-scale data for sustainability research [17]. The rise of “big data” and the importance
of incessant streams of data have been widely discussed in science research [18]. Using the content of
social media posts to reflect residents’ social attitude towards relevant issues has become an important
method to study the impact of social attitudes on infectious diseases [19] and public relations [20].
Additionally, scholars have already paid attention to the role of social media on smart cities [21], spatial
communities [22], spatial planning [23], human behavior [24], human mobility pattern [25], urban
growth [26,27], regional policy [28], emergency response [29], and spatial economic activities [30].

In this paper, we utilize the datasets of China’s two major urban agglomerations: the Yangtze River
Delta and the Pearl River Delta. Based on the social media data from Weibo API and the geo-information
of enterprises, we construct the Weibo network and the enterprise network to represent the linkages
between cities. We then employ social network analysis in the GIS (Geographic Information System)
environment to visualize and analyze the linkages in the two networks. We adapt spatial econometric
methods to reveal the impact of environmental regulation on industrial structure, as well as the
network spillover effects. Additionally, we employ four types of weight matrices that include the
Weibo network and the enterprise network to examine spillover channels and reflect the influences of
social networks in the urban agglomeration.

The results of social network analysis show that “core-periphery” structure occurs in the
Weibo network and the enterprise network. Further empirical analyses show that environmental
regulation has a significant positive effect on industrial structure. The spatial econometric results
indicate that the Weibo network and the enterprise network play a vital role in the spillover effect.
By introducing social media into the analysis of spillover effects, this research will contribute to the
study of environmental-economic sustainability on how environmental regulation impacts urban
agglomerations’ industrial structure, thus helping us understand the influence of social networks
when making environmental regulation policies.

The remainder of this paper is as follows: Section 2 explains the background and the data
collection methods. Methodology and empirical methods are presented in Section 3. Section 4 presents
the results, and the last section is our conclusion.

2. Background and Data

2.1. Background

China, one of the largest developing countries, is paying more and more attention to
environmental protection. Although China has made great achievements in economic development,
the government realized that the development pattern at the cost of environmental regulation could
not be sustainable [31]. Over recent years, China’s central government has set mandatory targets
for the reduction of pollution, sparking local governments’ attention on environment protection [32].
Especially for the cities in the above two urban agglomerations, local governments have passed various
laws and policies to achieve the goal of environmental protection [33]. For example, Shenzhen, one city
in the Pearl River Delta, has set severe industrial policies and carried out a great deal of investment to
move some heavily-polluting enterprises out, aiming to control environmental pollution.

For the cities in urban agglomerations, economic activities are closely connected with each other
through various methods. To have a better understanding about the impact of environmental regulation
on urban agglomerations’ industrial structure and sustainable development, we should consider the
interaction effects between cities. The mechanism of how social networks affect spillover effects can
be indicated by the following methods: through the interactions in social networks, on the one hand,
the demand for environmental regulation permeates among cities, and so the changes of environmental
regulation in one region results in changing environmental regulation policies in other regions that are
connected with each other through social networks; on the other hand, the economic activities that are
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impacted by environmental regulation may transfer within urban agglomerations through these social
networks. These factors then result in network spillover effects in the industrial structure.

There are various networks in urban agglomeration and each network type provides one aspect of
information about our research question. Four different network linkages are considered in the analysis:
the social media network, the enterprise network, the environmental regulation disparity, and spatial
position relations, which reflect cities’ mutual social media concerns, enterprise connections, differences
in environmental regulation stringency, and geographical position. Of the four network linkages,
the social media network is our most pressing concern. In the big data era, user-generated content in
Web 2.0 can be increasingly utilized as a source to estimate the relatedness of the communities [34].
In the last decade, social media websites have undergone rapid growth in China [35]. With the help
of social media, environmental issues have received more and more public attention, which puts
pressure on governments to control pollution. Sina Weibo is a microblogging website with the largest
user group in China, whose monthly active users reached 236 million in 2015 (twitter had 302 million
monthly active users during the same period). Weibo has become the main channel for Chinese people
to express their opinions, and environmental issues are always hot topics in Weibo. As mentioned
before, social media data and other geo-information data have been widely utilized in many studies,
which have verified the validity of employing these data in social science research. Especially, social
media data can reflect the information flows and the extent of mutual concern between cities, and
can be treated as one aspect of the city network [36]. Furthermore, we use the added social media
data to construct the linkages between cities, and employ it to analyze the network structure of the
urban agglomerations.

Our study areas include the Yangtze River Delta and the Pearl River Delta, which are the
two largest urban agglomerations in China. As shown in Figure 1, the Yangtze River Delta is located in
Southeast China and consists of 16 cities in three provinces, which include metropolises like Shanghai,
Hangzhou, and Nanjing. The Pearl River Delta is located in South China and is made up of nine
cities in Guangdong Province, including metropolises like Guangzhou and Shenzhen. The two urban
agglomerations occupy 16.7% and 12.1% of the country’s GDP, respectively, with just 2% and 0.57% of
the country’s area (during our study period). Additionally, the two urban agglomerations are trade,
commerce, and manufacturing centers of China.
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2.2. Data

In the above four kinds of social networks, how to construct the social media network and the
enterprise network are the key issues to be solved in this paper. Firstly, we use the data from Sina Weibo
to construct the social media network (namely the Weibo network). Specifically, the Weibo posts with
specific keywords can reflect residents’ concern on certain issues. Using these social media data,
we can construct the social media linkage between cities. From a series of API provided by Sina Weibo
for developers, we can use a web crawler to obtain a relatively complete dataset (see Figure 2).
The developed web crawler functions in the following manner: With the crawler, posts can be collected
by keywords, timing, and location. The keywords consist of the most concerned environmental topics,
including smog, water pollution, air pollution, and pollution emission (all in Chinese), which can
reflect the local peoples’ attitude towards environmental pollution directly.
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Due to the ambiguity and typographical errors of many place names, we cannot obtain coordinates
in many cases. Thus, we use a Weibo API to send a request to the Weibo server with the post ID, in order
to retrieve the actual location of the Weibo post. Then a post can be described as a six-tuple Weibo
(id, text, post time, user id, area, location). By merging these locations of posts at the city level, we can
obtain the total number of posts in two urban agglomerations in these years, which can reflect the social
attitude towards pollution. Figure 3 shows the numbers of the Weibo posts with the above keywords,
which reflects residents’ social attitude change towards pollution issues in two urban agglomerations
from 2010 to 2014. We can see that residents in two urban agglomerations pay more and more concern
toward the impact of environmental pollution on their own lives, and this growing concern also
indicates that the pollution problem has become a major livelihood issue in local governments’ work.

Using the location data from Sina Weibo, we can construct the linkage of cities in the two urban
agglomerations, from January 2014 to December 2014. Following Liu et al. [37], we employ a gravity
model to construct the Weibo network, which reflects the mutual concern about pollution issues
between cities. The linkage of the Weibo network can be constructed by the following equation:

Lw
ij =

PiPj

d2
ij

(1)

where Lw
ij indicates the sum linkage between city i and city j in the Weibo network, Pi and Pj are the

location numbers that we get from the Weibo posts with related keywords, dij denotes the distance
between two cities.

Secondly, to construct the enterprise network, we collect the geo-information of the top
100 companies (The company list can be seen at http://www.fortunechina.com/fortune500/c/2016-

http://www.fortunechina.com/fortune500/c/2016-07/13/content_266415.htm
http://www.fortunechina.com/fortune500/c/2016-07/13/content_266415.htm
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07/13/content_266415.htm (In Chinese)) and their subsidiary companies in the cities of two urban
agglomerations. Following the interlocking network model proposed by Taylor [38], we use the
collected geo-information to calculate the linkages in the enterprise network. The detailed method
can be divided in three steps: (1) the importance of cities to each enterprise can be scored between 3
(headquarter location) and 0 (no office in the city) using a variety of indicators of office importance;
(2) add up the scores that city get from all the enterprises; and (3) the linkage of two cities can be
calculated by multiplying two cities’ total scores.
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3. Methodology

3.1. Empirical Models

Our empirical investigation of the relationship between environmental regulation and industrial
structure is based on the following equation, and we use it as our benchmark model:

yit = α0 + β1ERt−1 + β2 Investit + β3Wageit + β4R&Dit + β5GDPPit + εi + σt + ξit (2)

where εi, σt and ξit reflect the individual fixed effect, the time fixed effect and the residual error,
respectively. yit is the dependent variable: industrial structure. In this paper, we focus on the
differentiated effect of environmental regulation on manufacturing and service sectors and use the
ratio of the output of the service sector and the manufacturing sector as a proxy for the industrial
structure [39], namely yit = (Yit,S/Yit,M)× 100%, where Yit,S and Yit,M represent the output of the
service sector and manufacturing sector in city i at time t.

ERt−1 is our explanatory variable: environmental regulation. Local governments’ Pollution
Abatement and Control Expenditures (PACE) are used to represent the environmental regulation
stringency [40]. PACE can reflect local governments’ activities aimed directly at pollution abatement,
which arise as the consequence of government environmental policies and include the flow of
investment and current expenditures [41]. We use PACE per capita as a proxy for environmental
regulation, and a higher value of PACE per capita indicates that local government has a more stringent
environmental policy. Consistent with the previous study [42], environmental regulation variables are
lagged by one year to control the potential endogeneity issue.

Following the previous studies [43–45], Investit, Wageit, R&Dit and GDPPit are included in the
model as control variables, representing the fixed asset investment per capita, wage level, R&D and
the GDP per capita, respectively.

Spatial econometrics have been widely used in empirical researches to identify network spillover
effect [46]. To analyze the spillover effects caused by environmental regulation, especially the direction
and extent of the spillovers, we employ the spatial lag of X (SLX) model to estimate the spillover

http://www.fortunechina.com/fortune500/c/2016-07/13/content_266415.htm
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effect [47]. Specifically, we introduce the spatial lag term of explanatory variable to the above equation
and use spatial econometric method to regress it:

yit = α0 + β1ERt−1 + ρWER + β2 Investit + β3Wageit + β4R&Dit + β5GDPPit + εi + σt + ξit (3)

where WER in the equation means the environmental regulation of other cities connected through
network W and indicates the corresponding spillover effect. In spatial econometrics, the weight matrix
W reflects the method of interactions between cities, and different weight matrices can be used to
identify “where and to what extent spillovers are occurring”, namely the spillover channels [48].

Our study period is from 2010 to 2014, data for the industrial structure, the fixed asset investment
per capita, population, wage level, R&D, and the GDP per capita at the city level are available from
the China City Statistical Yearbook (Data can be found at http://data.cnki.net/Yearbook/Single/
%20N2016030128 (In Chinese)) [49] and cities’ statistical yearbook. The data of PACE are available from
the local governments’ annual expenditure budgets. The scatterplot diagram for PACE and industrial
structure can be seen in Figures A1 and A2. The spatial distribution of PACE in the two urban
agglomerations can be seen in Figures A3 and A4.

3.2. Specification of Weight Matrix

Typically, in the case of environment regulation spillover effect, there are various networks in the
urban agglomeration and each network type provides one aspect of information about our research
question. Based on the above Weibo data and geo-information, our main attention has been put toward
the network spillover effects of the Weibo network and the enterprise network. To compare these
two networks, we construct four types of weight matrices are constructed to examine the network
spillover effects, which reflect the above four kinds of relations, respectively. The four types of weight
matrices are constructed as the following equations, and all row elements in the four matrices are
standardized as a convention method.

(1) The Weibo Network Matrix W1

To illustrate the impact of social media on spillover effect, we use the Weibo network to represent
the social media interaction between cities; the weight matrix form is set as Equation (4):

Wij =
Lw

ij

∑j Lw
ij

(4)

where Lw
ij indicates the sum linkage between city i and city j in the Weibo network.

(2) The Enterprise Network Matrix W2

In the enterprise network, the more closely linked city i and city j are, the more likely that
commercial cooperation occurs between them which, in turn, leads to a spillover effect on industrial
structure. The enterprise network matrix W2 is set as Equation (5):

Wij =
Le

ij

∑j Le
ij

(5)

where Le
ij indicates the sum linkage between city i and city j in the enterprise network.

(3) The Environmental Regulation Disparity Matrix W3

To express the environmental regulation disparity between cities, we set the weight matrix form
as Equation (6):

Wij =
∣∣ERi − ERj

∣∣ (6)

where ERi and ERj represent the average environmental regulation stringency of city i and
city j, respectively.

http://data.cnki.net/Yearbook/Single/%20N2016030128
http://data.cnki.net/Yearbook/Single/%20N2016030128
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(4) The Adjacency Matrix W4

The adjacency matrix W4 specifies the “neighborhood set” for each city, which is the standard
method in spatial econometrics [50]. This specification means that the spillover effect only occurs
between cities that share a common border. The specification of W4 can be seen from Equation (7):

Wij =

{
1 i and j share a common border
0 otherwise

(7)

4. Results

4.1. Network Characters

Although all cities interact with each other in networks, there are hierarchical tendencies within
the relationship between cities. Using the linkage data of the Weibo network and the enterprise
network, we visualize the linkages of cities in the GIS environment. Figures 4–7 clearly reveal the
structural characters of the Weibo network and the enterprise network in two urban agglomerations.
The thickness of lines characterizes the strength of the linkages, and the numbers in the legend mean
the magnitude of links in the network. Obviously, the linkages in the Weibo network and the enterprise
network are different from their geographic spatial locations. For the Yangtze River Delta, the cities
linked with the thickest line in the Weibo network are Shanghai, Wuxi, and Tai-zhou (in Zhejiang
province), which shows the most concern on environmental issues in social media. The cities linked
with the thickest line in the enterprise network are Shanghai, Hangzhou, Wuxi, and Tai-zhou. For the
Pearl River Delta, the Weibo network and the enterprise network have the similar structure with the
core cities of Guangzhou and Shenzhen, which are the two most important cities in South China.
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4.2. Empirical Results

4.2.1. The Results of the Benchmark Model

An OLS (ordinary least square) estimation is performed to estimate Equation (2) and column 1 of
Tables 1 and 2 show the results of our benchmark model, corresponding to the Yangtze River Delta and
the Pearl River Delta, respectively. All the variables are log-linearized, and the regression coefficients
represent the elasticity of independent variables.

Table 1. Model estimate results (the Yangtze River Delta).

Variables
(1) (2) (3) (4) (5) (6) (7)

Benchmark
Model W1 W2 W3 W4 W1 W2

Environmental
regulation

0.148 *** 0.152 *** 0.144 *** 0.140 *** 0.137 *** −0.093 ** −0.081 *
(3.63) (3.77) (3.62) (2.99) (3.55) (−2.04) (−1.81)

Fixed asset investment
per capita

0.173 *** 0.196 *** 0.172 ** 0.107 0.142 ** 0.214 *** 0.239 ***
(3.26) (4.17) (2.59) (1.57) (2.47) (3.92) (3.77)

Wage 0.129 *** 0.074 *** 0.081 * 0.083 *** 0.102 ** −0.073 −0.082 *
(3.99) (2.88) (1.72) (2.87) (2.52) (−1.53) (−1.73)

R&D
0.107 ** 0.073 *** 0.071 *** 0.102 * 0.094 0.067 0.062
(2.55) (3.02) (3.52) (1.82) (1.35) (1.32) (1.05)

GDP per capita 0.112 *** 0.124 * 0.113 ** 0.137 ** 0.072 *** −0.103 * −0.139 **
(2.94) (1.75) (2.61) (2.56) (3.29) (−1.83) (−2.01)

cons 3.836 *** 3.927 *** 4.011 *** 3.829 *** 4.269 *** 3.723 *** 3.847 ***
(6.77) (5.92) (6.28) (7.33) (5.36) (6.24) (7.03)

ρ 0.102 *** 0.094 *** −0.045 −0.139 *** −0.059 * −0.084 **
(4.66) (3.27) (−1.07) (−4.27) (−1.79) (−2.13)

R2 0.6728 0.7632 0.7724 0.7263 0.6289 0.7213 0.7139

N. of obs. 80 80 80 80 80 80 80

Notes: A full set of city-specific and period-specific effects are included for columns 1–7, t-statistics are reported in
parentheses. *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table 2. Model estimate results (the Pearl River Delta).

Variables
(1) (2) (3) (4) (5) (6) (7)

Benchmark
Model W1 W2 W3 W4 W1 W2

Environmental
regulation

0.201 *** 0.196 *** 0.182 *** 0.177 * 0.193 *** −0.237 ** −0.209 *
(3.72) (3.44) (3.77) (1.98) (3.05) (−2.00) (−1.84)

Fixed asset investment
per capita

0.134 *** 0.098 * 0.084 ** 0.093 0.127 ** 0.328 *** 0.309 ***
(3.41) (1.80) (2.59) (1.54) (2.16) (3.47) (4.02)

Wage 0.093 0.104 * 0.106 * 0.093 ** 0.131 *** −0.093 *** −0.085 **
(1.40) (1.72) (1.73) (2.02) (2.85) (−2.74) (−2.08)

R&D
0.103 *** 0.091 *** 0.113 ** 0.125 ** 0.152 * 0.038 0.086

(4.01) (3.09) (2.38) (2.53) (1.79) (1.32) (1.29)

GDP per capita 0.092 *** 0.083 ** 0.042 0.093 *** 0.065 ** −0.104 −0.093 *
(3.17) (2.32) (0.93) (2.73) (2.03) (−1.56) (−1.82)

cons 3.727 *** 3.022 *** 3.283 *** 2.938 *** 2.848 *** 4.932 *** 4.730 ***
(4.28) (3.92) (3.28) (3.55) (3.92) (3.85) (3.73)

ρ 0.071 *** 0.039 ** −0.083 * −0.002 *** −0.085 ** −0.056 *
(3.93) (2.04) (−1.89) −(2.82) (−2.15) (−1.89)

R2 0.5392 0.6163 0.6748 0.6923 0.6225 0.7038 0.7216

N. of obs. 45 45 45 45 45 45 45

Notes: A full set of city-specific and period-specific effects are included for columns 1–7, t-statistics are reported in
parentheses. *** p < 0.01; ** p < 0.05; * p < 0.1.

From the estimation results of the benchmark model, we find that the coefficients of environmental
regulation are always positive and consistently significant at the 1% level, indicating that more stringent
environmental regulations increase the ratio of the output of the service sector and manufacturing
sector in the two urban agglomerations. The coefficient of environmental regulation in the Yangtze
River Delta is 0.148, which indicates that an increase of environmental regulation stringency by one
level is estimated to increase the ratio of the service sector and manufacturing sector by 0.148%.
In the Pearl River Delta, the elasticity value is 0.201, which means that as the environmental regulation
stringency increases by 1%, the ratio of the service sector and manufacturing sector will increase
by 0.201%. Comparing the two results, we find that environmental regulation has a greater impact on
industrial structure in the Pearl River Delta, which may be due to the features of its manufacturing
industry. In the Pearl River Delta, the manufacturing industries of peripheral cities mainly rely on the
form of OEM (original equipment manufacturer), which produce more pollution and are more sensitive
to environmental regulation. In summary, the results of our benchmark show that environmental
regulation has a significant influence on industrial structure change between the service sector and the
manufacturing sector in both of the urban agglomerations.

Turning to control variables, estimation results reveal that the fixed asset investment per capita,
R&D, and the GDP per capita have a positive impact on industrial structure, which echoes the findings
for the European Regions [51] and China [52]. Wage is only marginally significant in the Yangtze River
Delta, perhaps because high wages have become a crucial factor restricting the development of the
manufacturing industry in the Yangtze River Delta.

4.2.2. Spillover Effects and Its Channels

Columns 2–5 of Tables 1 and 2 show the regression results of the SLX model under the above
four weight matrices, respectively. Compared with the results of benchmark model, the results of the
SLX model recognize the impact of environmental regulation on industrial structure again, whose
coefficients are statistically significant in all results. The SLX model captures the network spillover
effects of environmental regulation through different matrices. For spillover channels, as we have
stated before, there may be several spillover channels that exist at the same time. Using the four weight
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matrices we constructed in the former part, we test whether these networks influence the spillover
effects and identify the spillover channels through which spillover can occur. The coefficient of spatial
lag variables can reflect the spillover effect and spillover channel by its significance and magnitude.

According to the estimation results presented in Table 1, the ρ values (0.102 under the Weibo
network W1; 0.094 under the enterprise network W2) are significantly positive, which suggests
that environmental regulation has a positive effect on other cities’ industrial structure through
the two networks, meaning that spillover occurs among the cities closely connected within the
two networks. In contrast, the ρ value under the adjacency matrix W4 is significantly negative (−0.139),
meaning that local environmental regulations lead to negative effects on neighborhood cities’ industrial
structure. Comparing the coefficients of determination under the above weight matrices, the Weibo
network W1 fits the data in the best way.

It is worth noting that the spillover effects under W1 and W2 are different from the spillover
effect under W4, which indicates that the network structures play a crucial rule in the spillover
effect. The spillover effect under the adjacency matrix W4 seems more reasonable and consistent with
previous studies: manufacturing firms may relocate to neighboring cities when facing a more stringent
environmental regulation, thus resulting a positive relation between its environmental regulation
and its neighbors’ manufacturing output and a negative spillover effects for neighbors’ industrial
structure. For the results of W1 and W2, due to their different network structures, two possible reasons
can explain these positive spillover effects. Firstly, the cities connected within two networks tend to
make similar environmental regulation policies, which leads to a positive correlation between them;
secondly, the relocation effects for manufacturing firms, mostly occur to its neighbors. Due to the
network structure difference, the relocation effects of the manufacturing sector are not that important
under the Weibo network and the enterprise network.

To justify the two explanations, we conduct robustness tests by using the growth rate of the
manufacturing sector as the independent variable and estimate Equation (3) with the Weibo network
W1 and the enterprise network W2, The estimation results are reported in columns 6 and 7 in Table 1.
The coefficients of WER, namely the ρ values under the two networks, are significantly negative
(−0.059 and −0.084), meaning that local environmental regulation has a negative effect on the growth
rate of the manufacturing sector of network-connected cities. Concerning that industrial structure is
measured by the ratio of the output of service sector and manufacturing sectors, these results support
our explanation of why environmental regulation has a positive effect on network-connected cities’
industrial structures, and indicate that the cities connected with the two networks tend to make similar
environmental regulation policies and have similar industrial structures.

For the Pearl River Delta, the estimation results in Table 2 show that the ρ values are significant
under all four matrices. Consistent with the above results of the Yangtze River Delta, the ρ values under
the weight matrices W1, W2 and W4 are also significant in the Pearl River Delta, which confirms the
reliability of our results. The ρ values (0.071 under the Weibo network W1; 0.039 under the enterprise
network W2) verify the positive spillover effects of environmental regulation among network connected
cities. The results of robustness tests in columns 6 and 7 in Table 2, which use the growth rate of
the manufacturing sector as the independent variable, are consistent with the results of the Yangtze
River Delta, indicating that the positive spillover effects under W1 and W2 are robust in the two urban
agglomerations. Different from the Yangtze River Delta, the ρ value under the environmental regulation
disparity matrix W3 is significantly negative in the Pearl River Delta, which means that environmental
regulation disparity plays a vital role in the spillover effect and spillover occurs in the cities with
the loosest environment regulation. Comparing the coefficients of determination under the above
weight matrix, we find that the environmental regulation disparity matrix W3 fits the data in the
best way. To explore the reason for this difference, we can draw some insights from the industrial
policies advocated by the Guangdong provincial government, which moves the most serious polluting
enterprises from the core cities to surrounding cities and supports the development of high-technology
enterprises in the core cities in the meantime. The industrial transfer led by the provincial government is
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from the cities with more stringent environmental regulation to the cities with laxer policies. Through
this process, the core cities achieve the goal of updating their development patterns to be more
sustainable. For the cities with relatively lenient environmental regulation, manufacturing firms move
in and bring demand for employment, which gives peripheral cities a chance to achieve a faster
economic growth rate.

From the above results, we find that the spillover effects of environmental regulation are significant
in the two urban agglomerations, and both the Weibo network and the enterprise network are important
spillover channels. Meanwhile, how substantively strong is the spillover effect compared with the
impact of local environmental regulation? Comparing the ρ values under different matrices and the
corresponding coefficients of environmental regulation, we can find that there is a difference in the
magnitude of spillover effects between the two urban agglomerations. For the Yangtze River Delta,
local environmental regulation has the effect that is almost one and a half times stronger than the
network spillover effects under the Weibo network W1 and the enterprise network W2. For the Pearl
River Delta, local environmental regulation has the effect that is at least two times stronger than the
spillover effects under the Weibo network W1 and the enterprise network W2. In consideration of the
quantitative comparison between the two urban agglomerations, the spillover effect in the Pearl River
Delta has a relatively weaker influence on the industrial structure than that of the Yangtze River Delta.

5. Conclusions

Big data provides us with vast amounts of information and affords innovative solutions to a large
number of topics in social science research. These datasets describe intricate city network systems from
brand new viewpoints, with cities being modeled as nodes and their connections as linkages. With the
keywords on pollution issues, we get the social media data from the Weibo API with a crawler and use
it to represent residents’ social attitudes towards environmental protection. Based on this social media
data and the geo-information of enterprises, we mainly focus on the spillover effect of environmental
regulation on the industrial structure and whether the Weibo network and the enterprise network act
as spillover channels. The use of big data to construct networks highlights the limitations of previous
studies, which mostly relied on traditional data and rarely account for the influence of social media,
but also suggest that, despite these limitations, their conclusions about the spillover effects are not
entirely off the mark.

GIS methods are employed to visualize the network linkages between cities. The network
graphs show that the “core-periphery” structure occurs in two urban agglomerations intuitively.
By using PACE to express the stringency of environmental regulation, our empirical results show
that environmental regulation has a consistently significant positive effect on industrial structure in
the two urban agglomerations. To identify the channels through which the spillover effect occurs
in the urban agglomerations, we employ four weight matrices to illustrate the network linkages,
and demonstrate that the spillover effects under different weight matrices vary in the significance and
magnitude. Specifically, we find that the spillover effects (0.102 under the Weibo network and 0.094
under the enterprise network in the Yangtze River Delta; 0.071 under the Weibo network and 0.039
under the enterprise network in the Pearl River Delta) are significant in the two urban agglomerations.
From the perspective of quantitative comparison, the network spillover effects have a stronger influence
in the Yangtze River Delta than that of the Pearl River Delta.

Two types of future studies are possible: the theoretical mechanism that social media influences
spillover effects; and the additive effects of different networks that emphasize the importance of
network diversity in an economy. Only with such evidence can we have a more comprehensive
understanding of how social networks influence spillover effects in urban agglomerations. In the
meantime, the results presented here provide some enlightenment that social media designed to make
people communicate with each other will, conveniently, have an impact on regional economic activities.
Most particularly, it appears that an increase in social media linkage may lead to an increase in the
spillover effect. According to the outcome of this study, the importance of environmental regulation
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on regional industrial structure is confirmed, and the spillover effects support the idea that the effects
of environmental regulation are not confined to its location. Our results provide evidence that positive
spillover effects occur among network-connected cities, which supports the notion of coordinated
environmental regulation policies in the urban agglomerations. For policy-makers, local governments
should improve the connections of two networks and share the positive effects of environmental
regulation, which will lead to a win-win situation considering that China’s urban agglomerations have
a demand for change in the industrial structure.
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