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Abstract

In the context of China’s economic and social transformation, smart cities are becoming increasingly important for green
development. Based on pilot smart cities and panel data from 274 prefecture-level cities in China from 2006 to 2018, this
paper mainly evaluates the impact of smart city construction (SCC) on green technology innovation (GTI). To analyze SCC
mechanisms and heterogeneity, we used China’s smart city pilots as a quasi-natural experiment. In terms of the influenc-
ing mechanism, SCC can promote GTI by enhancing the digital economy level. Meanwhile, the optimization allocation of
resources, including labor, land, and capital, can effectively foster the promoting effect of SCC on GTI. Moreover, SCC has
a spatial diffusion effect; it will not only promote local GTI, but also improve the level of GTI in neighboring cities. In terms
of the heterogeneity analysis, smart cities, which present a large scales, rich human capital, and high-level infrastructure, have
a strongly positive effect on GTI. This study provides important empirical evidence for the development of SCC and GTI.

Keywords Smart city - Green technology innovation - Digital economy - Resource allocation - Difference-in-differences -

Causal mediation analysis model

Introduction

In the context of global green competition, green develop-
ment is necessary for sustainable economic and social devel-
opment. Green technology innovation (GTI) is an important
method of effectively alleviating resource pressure and eco-
logical threats and thus is attracting wide attention (Fei et al.
2016). Smart cities use the internet, big data, and spatial
geographic information to generate new information technol-
ogy, integrate city-wide large data, efficiently configure city
resources, realize intelligent urban management operations,
and promote the harmonious urban sustainable development
of a new model and future development direction of the digi-
tal economy (Kandt and Batty 2021). An empirical analysis
of Chinese urban data that did not consider the influencing
mechanism showed that smart city construction (SCC) was
important for preventing and controlling COVID-19 in the
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context of the global pandemic (Yang and Chong 2021).
Studies have shown that SCC can improve the local ecologi-
cal environment quality, local science and technology level,
resource allocation efficiency, and informatization degree
(Chu et al. 2021; Huang et al. 2020). Therefore, vigorously
promoting SCC and accelerating the transformation of the
economy from factor- to innovation-driven has important
practical significance for the realization of GTI-driven
transformation.

GTI improves manufacturing processes, optimizes
resource allocation, reduces environmental pollution, and
improves production efficiency (Li et al. 2017a, b). How-
ever, cities often lack resources and motivation to implement
GTI, thus leading to widespread market failures (Shen et al.
2020). GTI requires government financial support (Wu et al.
2022), labor input (Liao and Li 2022), urban construction
(Li et al. 2022a, b, c), and digital transformation (Rowan
et al. 2022). Environmental regulation is another important
factor, and Porter’s hypothesis indicated that it can stimulate
GTI (Porter and Linde 1995). As the costs and benefits of
GTT are asymmetrical in the short term, enterprises lack the
motivation to implement GTI based on their own develop-
ment needs. Government policies play an extremely impor-
tant role in the process of GTI (Acemoglu et al. 2012), such
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as through SCC (Yao et al. 2020a, b). Compared with cities
that have not implemented SCC, regions that have imple-
mented SCC will enjoy more comparative advantages, such
as digital infrastructure development, and they are also able
to provide companies with material infrastructure and tax
incentives to achieve digital transformation and thus realize
GTI (Jiang et al. 2021).

As a developing country, China has made significant pro-
gress in GTI in recent years. Figure 1 shows the ratio of the
number of green patent applications to the total number of
patents in China from 2006 to 2018, which indicates that
the percent of green patents has been increasing annually.
However, few core patents, low patent quality, and limited
achievement conversion rate has been observed. These prob-
lems have led to a disconnect between the level of GTI and
the actual demand, which has restricted the development of
the green economy (Show et al. 2018). Based on this, this
paper aims to determine whether SCC can promote the level
of GTI, identify the mechanism underlying this promoting
effect, and reveal the heterogeneity of SCC in GTI. These
findings will provide a better understanding of the economic
effects of SCC and promote research on the factors influenc-
ing GTI by providing new theoretical support for the popu-
larization of smart cities using green technology.

The possible contributions are as follows.

First, in terms of research content, this paper focuses on the
enabling effect of SCC in the field of GTI, explores the driving
effect and mechanism of SCC on GTI from the perspectives
of digital economy and resource allocation, and expands the
theoretical analysis framework of SCC and GTI. On the one
hand, previous studies have explored that SCC aims to build
an intelligent nation by completing digital transformation (Kar
et al. 2019); this study takes digital economy as the internal
channel to investigate its mediating effect on SCC and GTI.
On the other hand, SCC plays an important role in optimiz-
ing resource allocation and improving factor productivity
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Fig.1 Trend chart of the number and proportion of green patent
applications in China
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(Ryzhenkov 2016; Xia et al. 2021); this study integrates SCC,
resource allocation (land, labor, and capital), and GTI into a
unified framework and examines the external regulatory effects
of resource allocation on SCC and GTI.

Second, in terms of research methods, using the relatively
exogenous event of SCC, this paper uses multiple robust
methods such as different-in-difference model and instru-
mental variables to effectively identify the policy effect and
mechanism of SCC on GTI. In addition, this paper uses the
spatial difference-in-differences model to further investigate
the “siphon effect” and “diffusion effect” of SCC on GTI in
neighboring cities.

Finally, in terms of research sense, this study provides
theoretical and empirical basis for further implementing SCC
national strategy and stimulating the vitality of urban innova-
tion. This paper determines the heterogeneity effect of SCC
on GTI from the following aspects: city size and city charac-
teristics (human, material and financial resources). It provides
a new idea reference for discussing whether SCC, as a new
urbanization model, can alleviate the “urban disease” problem
brought by traditional urban construction and green develop-
ment, so as to effectively solve the problem of unbalanced and
uncoordinated regional economic development.

The remainder of the paper is organized as follows.
Sect. "Institutional background and theoretical hypoth-
eses" provides a literature review and presents the research
hypotheses, which are based on a combination of previous
literature results and research viewpoints. Sect. "Empirical
strategy" describes the selection of the metrological model,
index design, and data source description and expounds on
the selection of the metrological model, research methods,
and data structure. Sect. "Empirical results and discussion”
provides the empirical test results and evaluation, an explo-
ration of whether SCC can promote GTI, a discussion on
the intermediary mechanism to explore the transmission
mechanism between SCC and GTI, an analysis of the mod-
erating effect and the influence mechanism between SCC
and GTI, and the spatial spillover effect of SCC on GTI.
Sect. “Heterogeneity analysis” presents the heterogeneity
analysis and an exploration of the effect of heterogeneous of
city sizes and characteristics. Sect. “Conclusions and policy
implications”’concludes the paper and provides policy sug-
gestions. Sect. “Discussion and future” gives discussion and
future of this study.

Institutional background and theoretical
hypotheses
Institutional background

Since the early twenty-first century, the global economy
and level of urbanization have increased rapidly. However,
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this development has brought some urban governance prob-
lems, such as resource shortages, environmental quality, and
traffic congestion (Roscia et al. 2013). The United Nations
launched the Sustainable Development Goals (SDGS) in
2015 to balance urban economic development with environ-
mental protection, with an emphasis on environmentally sus-
tainable, inclusive, and sustainable growth, which requires
curbing pollution emissions while stimulating economic
growth. As a result of the deep integration of urbanization
and informatization, smart cities have become a model that
combines environmental protection and sustainable eco-
nomic development (Roscia et al. 2013).

With the rapid development of cloud technologies and
big data, a global boom in the promotion of smart cities is
witnessed; more than are 1000 smart cities are under con-
struction worldwide. In 2004, South Korea launched the
“UKorea” development strategy, which aims to build an
environmentally friendly, digital, and seamlessly connected
smart city based on information and communication technol-
ogy. In 2006, many smart cities were launched in the UK,
Ireland, Germany, and Europe. Japan launched the “I-Japan”
strategy in 2009, and it focused on the intelligent manage-
ment and operation of three public sectors: e-government,
health, and education. Meanwhile, the USA established the
first smart city that uses the Internet of Things to connect
various public resources in the city and respond intelligently
to residents’ needs through analysis and integration of big
data information. Similarly, China released the Interim
Management Measures for the National Smart City Pilot
program and the National Smart City Pilot Index System on
December 5, 2012.

SCC in China has the following characteristics. First, it
promotes the deep integration of the Internet, cloud comput-
ing, and big data. Its goal is to improve public information
platforms and network infrastructure and promote a series of
special applications, including smart transportation, smart
logistics, smart communities, and smart finance. Second,
it builds full mode and full response intelligent systems
that “touches the whole body.” Through the connection and
integration of people, resources, government affairs, trans-
portation, and communication in the city, the efficiency of
resource allocation and urban management ability can be
improved, while realizing high-quality urban development.
Third, smart cities explore the priorities and development
paths suitable for local SCC. The focus of the city con-
struction and development of provinces’ and cities’ smart
paths, that is the path used for smart city development, are
not identical but are simultaneously promoted in the city
master plan of action along with the local infrastructure
construction, thus promoting smart education, healthcare,
and traffic control for local SCC. After promulgating the
smart city pilot policy, limited areas were included in the
national smart city pilot list. Thus, this policy is equivalent

to a “natural experiment” carried out in the economic field,
and it presents obvious exogenous characteristics, thus pro-
viding a rare opportunity to effectively identify the impact
of SCC on local GTI.

Theoretical hypotheses
Direct effect of SCC on GTI

As a new type of urbanization mode, smart cities have been
widely recognized for their role in providing a feasible
method of balancing economic growth and environmental
protection. First, according to the Industrial Agglomeration
Theory, SCC accelerates the popularization and penetration
of digital technology; accelerates the agglomeration of eco-
nomic factors such as talent, capital, and technology; and
plays to the economic agglomeration effect to promote GTI
(Wu et al. 2023).

Second, in the context of big data as a key factor of pro-
duction, digital information technology in smart city pilot
areas leads the development of industrial structure from
the primary and secondary industries to tertiary industries
with higher added value (Li et al. 2020; Pan et al. 2020),
which contributes to the growth of green economy (Hao
et al. 2023).

Finally, according to the signal theory, SCC helps local
enterprises to release positive signals to external investors,
introduce foreign economic activities, and enable local
enterprises to have access to advanced green innovative
technologies and apply them to their own green innovation
research and development (Lee and Min 2015; Riillo 2017).

The first hypothesis for this study was proposed based on
the above analysis:

Hypotheses 1 SCC has a positive effect on GTI.

SCC, digital economy, and GTI

Informatization and intelligent technologies are widely used
in smart cities. Intelligent systems have penetrated tradi-
tional industries to realize smart medical care, smart homes,
smart agriculture, and smart logistics. Due to the widespread
use of the Internet, the renewal of products in traditional
industries has been accelerated, the product structure and
quality have been improved, and the efficiency of GTI has
been improved in China (Yao et al. 2020b). Cities with new
companies related to green and digital economy industries
are more likely to be selected as smart city pilots, suggesting
that smart cities could represent a policy to support local
digital economy development (Manjon et al. 2022) .

In the era of the Internet, digital technology is the main
force triggering a new round of scientific and technology
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revolution by facilitating information collection and increas-
ing energy efficiency. Therefore, the important role of digi-
tal technology in the innovation and promotion of green
technology must be recognized (Yao et al. 2020a, b). On
the one hand, digital technology can be widely used in eco-
logical environment information access, directly support-
ing ecological and environmental protection work; this is
mainly reflected in the use of digital technology to increase
the efficiency with which energy and resources are utilized,
promote the use and development of renewable energy, and
reduce the demand for energy and raw materials by allow-
ing for virtual human interactions and communication (Qian
et al. 2020). The trend of integration and innovation of the
digital economy and green technology is obvious. There-
fore, the digital economy is an important way to promote the
green transformation of the global economy. China’s green
patents are mainly associated with “climate change mitiga-
tion” industries, which account for approximately 60% of
the total green patents. The rapid increase in applications
for information technology-based climate change mitigation
patents, which accounted for 14.66% in 2016, reflects the
increasing role of the digital economy in GTI development
(Zhuang et al. 2020). SCC involves informatization, digitali-
zation, and intelligentization of the whole society and thus
plays an important role in promoting the degree of digitali-
zation of cities and influences GTL.

The second hypothesis for this study was proposed based
on the above analysis:

Hypotheses 2 The digital economy is an important mech-
anism for transmitting the influence of SCC on GTT; that
is, it plays an intermediary role in the influence of SCC
on GTL

SCC, resource allocation, and GTI

Ensuring the necessary resources for realizing smart cities
is an important challenge in the process of SCC (Angelidou
2017). The more optimized the allocation of resources, the
more conducive the SCC to GTI. Starting with the three
elements of land, labor, and capital at the city level, this
paper explores the moderating role of resource allocation
optimization on the effect of SCC on GTIL.

2.2.3.1. SCC, land resource allocation, and GTI Previous
studies have found that distorted land resource allocation
modes will lead to over-investment in the industrial field
and agglomeration of mid and low-end industries and hinder
industrial upgrading and technology innovation (Zhou et al.
2022; Yu and Pan 2019). Therefore, land resource misalloca-
tion is not conducive to the construction and development of
smart cities, which leads to low green incentive efficiency in
the process of SCC. First, Chinese local governments take
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advantage of their monopoly position in the primary land
market by selling a large amount of industrial land at low
prices to attract investment and pursue high-speed economic
growth while also selling less commercial service land at a
high price, which hinders the green transformation of urban
industries (Liu et al. 2021). Consequently, this creates an
imbalance in land planning, which will hinder the planning
and development of SCC. Second, in the process of land
investment, local governments are mainly concerned about
the scale of land investment rather than the quality (Yang
et al. 2014), and they even deliberately introduce backward
and highly polluting industries that can bring high output
value at low prices (Huang and Du 2017). Therefore, when
land resource misallocation is serious, local economic
development often focuses on benefits but ignores the envi-
ronment. It is difficult to drive local GTI only by relying
on SCC. Based on the theoretical analysis, the following
hypothesis is proposed:

Hypotheses 3 With the increase of land resource mis-
match, the inhibition effect of SSC on GTI will be
strengthened.

2.2.3.2. SCC, labor resource allocation, and GTI Previous
studies have found that when labor resource misallocation
is serious, GTI activities in SCC cannot develop smoothly
(Angelidou 2017) because labor resources are an important
factor in innovation. If the allocation of labor resources is
distorted in a city, it may lead to the loss and waste of tal-
ents, thus affecting the city’s innovation ability (Benhabib
and Spiegel 1994). In addition, when labor resource allo-
cation is distorted, local research and development will be
inhibited, resulting in a locking effect in terms of technology
level (Zhang et al. 2011). Therefore, the implementation of
SCC policies cannot be promoted, which impacts their influ-
ence on GTI. Based on the theoretical analysis, the following
hypothesis is proposed:

Hypotheses 4 With the increase of labor resource mis-
match, the inhibition effect of SSC on GTI will be
strengthened.

2.2.3.3. SCC, capital resource allocation, and GTI Previous
studies have found that green innovation activities in SCC
lack financial support when capital resource misallocation
is serious. If capital allocation distortion is reduced, eco-
nomic growth rate and green innovation efficiency can be
improved with the same input (Ju et al. 2013) because capital
resources can provide necessary financial support and input
for GTI, including office space, equipment, and capital. The
more capital that is accumulated, the more advanced the
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machinery equipment and technology level, which provides
a good material foundation for the implementation of SCC.
At this time, the government and local innovation subjects
tend to increase R&D investment, thereby further improv-
ing the level of city’s GTI. Moreover, when capital resource
misallocation becomes larger, the financing cost and tech-
nology adjustment cost of local industry become higher,
which restricts the sustainability of innovation investment
of government and enterprises and ultimately inhibits the
development of urban GTI activities (Ryzhenkov 2016).
Based on the theoretical analysis, the following hypothesis
is proposed:

Hypotheses 5 With the increase of capital resource
mismatch, the inhibition effect of SSC on GTI will be
strengthened.

Spatial effects of SCC on the impact of GTI

Smart city is the development trend of new urbanization
in the future, and non-pilot cities will also want to enter
the list of SCC pilots through competition or imitation, so
local governments will have a certain spatial correlation
effect when formulating or implementing SCC (Wu et al.
2021). At the same time, interregional urban GTI has obvi-
ous spatial spillover effect, such as technology transfer and
imitation effect (Peng et al. 2021; Qi et al. 2022). There-
fore, it is necessary to study the influence of SCC on GTI
from the perspective of spatial effect.

On the one hand, SCC has led to the rapid development
of Internet information technology, accelerated the flow
of innovation factors between regions, and further ena-
bled the flow of innovation factors from regions with low
marginal contribution rate to regions with high marginal
contribution rate. This may lead to the tilt and concen-
tration of resources towards the pilot cities, limiting the
innovative development of surrounding cities, resulting in
a “siphon effect” (Hu et al. 2023). On the other hand, the
development of the Internet and digitization also speeds up
the communication and collaborative innovation between
cities. The establishment of pilot cities can exemplify the
digital development of cities and provide corresponding
technical support, thus generating a “diffusion effect”
(Fang et al. 2022). Based on the theoretical analysis, the
following hypothesis is proposed:

Hypotheses 6.1 SCC have a siphon effect on GTI that
causes a negative spatial overflow.

Hypotheses 6.2 SCC have a diffusion effect on GTI that
causes a positive spatial overflow.

Empirical strategy
Empirical method
Baseline model

This study takes the smart city pilot policy as the research
object and conducts a quasi-natural experiment. From 2013
to 2015, China’s Ministry of Housing and Urban—Rural
Development officially announced three batches of SSC
lists. Referring to the method of Bertrand and Mullainathan
(2003), a continuous differential model was constructed as
follows:

GTI, = Py + Pytreat X post + Y\ AX; + u+ v, + & (1)

where GTI,, is the dependent variable, which is defined as
GTlin city i in year ¢, and treat X post is the core independ-
ent variable, which represents the smart city pilot policy; its
coefficient f, reflects the impact of SCC on GTI; X;, repre-
sents the control variables affecting GTI, including regional
industrialization degree, financial expenditure, population
density, foreign direct investment level, and R&D invest-
ment; y; is the city fixed effect;v, is the time fixed effect; and
€; 1s the random error term. The empirical analysis below
was controlled at the city level to alleviate the error caused
by the correlation between samples.

Parallel trend test for the difference-in-differences (DID)
method

We need to ensure that the dependent variables have equal
trends before the policy is enacted, but significantly different
after the policy is enacted. This is an important premise for
using the difference-in-differences (DID) estimation method.
Considering this premise, we used the event research method
of Jacobson et al. (1993) to formulate the estimation equa-
tion (Eq. 2):

2018

GTL, = p, + Z Pitreat X year + X, ® + p; + v, + ¢,  (2)
2006

where treat X year is the core dummy variable, which is
assigned a value of 1 if the city is a smart city pilot, and in
the year in which the policy is implemented and beyond and
a value of 0 otherwise, and g, reflects the differences in GTI
between pilot cities and non-pilot cities before and after the
smart city policy.

Causal mediation analysis model

This paper uses causal mediation analysis to analyze and test
the mediation effect. Compared with traditional mediation
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effect analysis, causal mediation analysis, which is based
on the potential outcome framework and the more general
counterfactual framework (Holland 1986), provides general
definitions and assumptions for determining causal effects
in randomized and non-randomized studies. The regression
model is constructed as follows:

digital;, = 6y + 6,T; + 6,treat X post + Z X+ pi+ v,y
3

GTI;, = 6, + 0T, + 0,treat X post + O, digital;, + 2 X+ i tvi+ T (4)

where digital is the intermediary variable. 6,, 6,, 6,, 6,, and
0, are the parameters to be estimated. 7; is the randomly gen-
erated treatment variable of a certain city in city i in year ¢.

We performed a causal mediation analysis to study the
mediating effect of the digital economy between SCC and
GTI. On the one hand, it can solve the endogenous problem
of mutual causation that may exist in traditional mediation
analysis. On the other hand, we can measure how much of
the causal effect of SCC on GTI is transmitted through the
digital economy.

Moderation effect model

To study the interaction effect caused by resource allocation
between SCC and GTI, this study used the land resource
misallocation (land), labor resource misallocation (lab), and
capital resource misallocation (cap) indices to measure the
rationality of resource allocation. The smaller the resource
misallocation index, the bigger the resource allocation effi-
ciency. The interaction terms of the three moderating and
independent variables were plugged into model (5):

GTI, = ay + aytreat X post + a,M;, + aztreat

X post X M;, + 2 X + pi v+ T )
where M, is the moderating variable and a; is the coefficient
of the core interaction term. If a5 is significantly positive,
then resource allocation negatively regulates the relationship
between SCC and GTT and vice versa. To maintain consist-
ency in the estimation of interaction terms in the regression
model, all lower-order terms of the interaction terms need
in the model. However, the model is heterogeneous timing
DID, and individual fixed effect and time fixed effect have
been controlled; treat X post cannot be divided into lower
order.

Spatial effect model
As a national project, does the green innovation-driven role of

SCC have spatial spillover effect? If so, will it have a siphon
effect that plunders innovation resources in neighboring regions,
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or a diffusion effect that accelerates the flow of information and
innovation factors in neighboring regions? In order to further
identify the spatial impact of SCC on GTI and the spillover
effect of SCC, the Spatial Durbin model (SDM) is established
as the initial model. Referring to Dubé et al. (2014), this paper
constructs a spatial difference-in-differences model (SDID) for
testing. The specific measurement model is set as follows:

GTL, = p, + (ﬂl + Wv) - treat X post, + nX + Wn'X + ¢,
(6)
In model (6), f, is the intercept term. W denotes spatial
weight matrix, W=I, ® W, I,is aT x T dimensional matrix,
and W is a N X N dimensional spatial weights matrix.
If the two cities are adjacent, W is 1; otherwise, W is 0.
Wv - treat X post represents the existence of spatial spillover
effects. v represents the size of the spillover effect. # is the
coefficient of control variables. 7/ is the impact of other local
exogenous variables on GTI in neighboring regions. ¢;, is
the error term.

Variable measurement
Dependent variable (GTI)

In this paper, the dependent variable is the level of local
GTI. For the GTI index, scholars have used R&D invest-
ment and the number of patents to measure R&D input and
patent output (Bai et al. 2019; Li et al. 2018). However, the
activities and production of R&D investment are charac-
terized by a high failure rate and strong uncertainty. Com-
pared with R&D investment, patent data can more directly
reflect the innovation level of enterprises (Cornaggia et al.
2015). In addition, patent data are easy to obtain, and most
existing studies use the number of patent filings and pat-
ents granted to measure the level of innovation. Following
previous studies (Calel and Dechezleprétre 2016), we use
data on patent filings, instead of patents granted. The rea-
son is that the granting of a patent requires an annual fee
payment, and instability and lag are observed when using
such data (Li and Zheng 2016); however, patent filing are
less affected by human factors and more timely and thus
can better reflect the innovation ability of a city (Xu et al.
2021).

Referring to Xu et al. (2021), we adopted the number
of green patent applications in a city to represent the level
of GTI in the city. Based on the International Patent Clas-
sification (IPC) code in the list of green patents issued by
the World Intellectual Property Organization, this study
obtained prefecture-level green patent data and measured
the GTI level through patent retrieval by the State Intellec-
tual Property Office (Tian et al. 2020).



Environmental Science and Pollution Research (2023) 30:97233-97252 97239
Table 1 Digital economy indicators constructed in this study
System Category Indicator Contribution
Digital economy Internet development Number of internet broadband access users per 100 people Positive
Proportion of computer service and software employees in urban units Positive
Total number of telecom services per capita Positive
Number of mobile phone users per 100 people Positive
Digital financial inclusion China Digital Inclusive Finance Index Positive

Key independent variable (smart city pilot policy)

Smart city pilot policies are a key independent variable used
for the quasi-natural experiment. (1) The dummy variable treat
was 1 for pilot city and O for non-pilot city. (2) The policy time
dummy variable post was 0 before the establishment of the
pilot and 1 following the establishment of the pilot. The smart
city pilot list was obtained from China’s Ministry of Hous-
ing and Urban—Rural Development. In early 2013, the coun-
try announced its first batch list, which included 90 national
smart city pilots. In August 2013, the country announced 103
smart city pilots. In April 2015, the third batch of the national
smart city pilot list was released, which included 84 cities. In
this study, considering the problems of unbalanced regional
development, this paper sampled cities using the following
process: First, we considered the four municipalities belong-
ing to the provincial administrative levels: Beijing, Shang-
hai, Tianjin, and Chongqing. The economic scale, resource
endowment, and innovation ability in these municipalities are
significantly higher than the ordinary level; therefore, samples
from the four municipalities are excluded. Second, consider-
ing the problem of repeating treats, this paper excluded from
the samples cities that only set up the pilot in a certain county
or district of the prefecture-level city rather than the whole
prefecture-level city. Finally, 274 prefecture-level city samples
were selected for empirical analysis in this study.

Mediating variable (digital economy)

Following previous studies (Zhao et al. 2020; Zou and
Deng 2022; Wang et al. 2022a, b), the digital economy
is measured as a comprehensive indicator from the two
aspects of internet development and digital financial inclu-
sion. Using the method of Huang et al. (2019) as a refer-
ence, we measured internet development at the city level
using four indicators: internet penetration rate (number of
internet broadband access users per 100 people), relevant
employees (proportion of computer service and software
employees in urban units), relevant output (total number of
telecom services per capita), and mobile phone penetration
rate (number of mobile phone users per 100 people). The
raw data for the above indicators were obtained from the

China Urban Statistical Yearbook. Using the method of
Guo et al. (2020) as a reference, we measure digital finan-
cial inclusion using the China Digital Inclusive Finance
Index, which is jointly compiled by Peking University
Digital Finance Research Center and Ant Financial Group.
After standardizing the data of the above five indicators,
the digital economy comprehensive development index
obtained through dimension reduction processing via
principal component analysis was denoted as digital. The
specific digital economy is shown in Table 1.

Moderating variable

(1) Land resource misallocation This variable was meas-
ured by the ratio of commercial service land transfer price
to industrial land transfer price according to Huang and Du
(2017). The price of commercial and industrial land comes
from China’s land market network. Using the methods of Yu
and Pan (2019) as a reference, this study used web crawler
technology to obtain the market transaction data of com-
mercial and industrial land for 274 prefectural-level cities
from the China Land Market network and summed them
to the city level according to the land use and transaction
mode. The average prices of commercial and industrial land
in prefecture-level cities were sorted.

(2) Labor resource misallocation and capital resource misal-
location The labor resource mismatch index (/ab) and capital
resource mismatch index (cap) of each prefecture-level city
were calculated using the methods of Chen and Hu (2011) and
Ji and Zhu (2019), and the calculation formula is as follows:

lab=1/y,, — 1 (6)

cap = 1/yg — 1 (7)

where y;; and yy; are the labor and capital absolute distor-
tion coefficients, respectively, and are calculated as follows:

YLi = (Li/L) /(siBr:/Br) (8)

Yki = (Ki/K) /(s:Bxi/ Bx) )
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Tab]e 2 Summary statistics of Variables Definition N Mean SD Min Max

variables
treat X post Smart city pilot 3503 0.210 0.408 0 1
GTI GTI 3503 0.0393 0.116 0 2.215
digital Digital economy 2199 0. 9829 2.0514 0.0331 36.3392
lab Labor misallocation 3503 3.436 1.947 0 23.67
cap Capital misallocation 3503 0.853 0.821 0 6.790
land Land misallocation 3426 8.962 45.84  0.00796 1481
indus industrialization level 3503 48.44 1062 0 85.64
gov Government intervention 3503 0.209 0.228 0.0200 6.040
fdi FDI 3503 0.0198 0.0263 0 0.780
den Population density 3503 423.7 316.4 4.700 2648
sci R&D investment 3503 1.371 1.379 0 20.68
v Number of telephones in 1984 2764 10,156.1 15,252.4 525 108,166

where s, is the share of city i’s output among the total output,
L;/L is the ratio of labor used in city i among the total labor,
s;P;;/ B, 1s the proportion of labor used in city i when labor is
effectively allocated, f;; is the labor output elasticity of each
city estimated using the Cobb—Douglas production function,
and y,; is the degree of misallocation of labor. K;/K is the
ratio of capital used in the i city to total capital, and s, f;/ fx
is the proportion of capital used in i city when capital is
effectively allocated. fg; is the capital output elasticity of
each city estimated using the Cobb—Douglas production
function; y,; represents the degree of misallocation of capi-
tal. It is worth mentioning that this paper calculates the elas-
ticity of labor and capital through Cobb—Douglas production
function, which has a relatively solid theoretical foundation
and is compared with other production functions, such as
CES production function and ultra-logarithm production
function, because it can minimize the estimation error of
mean and variance (Cheng et al. 2001). The total output is
the actual GDP of each city, labor input is expressed by the
employment number of each city, and capital input is calcu-
lated using the perpetual inventory approach:

K, =1;/P,+ (1 —6,)K;_, (10)

where [, is the total social fixed asset investment of city i in
year ¢, P;, is the fixed asset investment price index of city i
in year ¢, and §,, is the depreciation rates, which references
the commonly used value in extant literature (9.6%). The raw
data for the above indicators are from China Urban Statisti-
cal Yearbook.

Control variables
Based on the factors influencing GTI (Choi 2010; Chun et al.

2015; Duggal et al. Saltzman and Klein, 2007), this paper
selected the following control variables:

@ Springer

(1) Industrial level (indus). This variable is the ratio of the
added value of the secondary industry to GDP.

(2) Foreign direct investment ( fdi). This variable is the pro-
portion of the total foreign direct investment actually
used in each city’s GDP (Peng 2020).

(3) Population density (den). This variable is the log of the
population per unit of administrative area at the end of
the year.

(4) Government intervention (gov). This variable is the
ratio of government fiscal expenditure to regional GDP
(Dong et al. 2020).

(5) R&D investment (sci). This variable is determined by
multiplying the ratio of GDP of prefectures and prov-
inces by the amount of R&D investment in the prov-
inces (Wang and Shi 2019).

Table 2 shows descriptive statistics of the variables. All
nominal variables were analyzed based on the constant price
in 2000. To eliminate the dimension effect, the value of GTI
was divided by 10,000 based on the raw data and measured
by the number of green patents.

Data

This study used prefecture-level data from 2006 to 2018
for analysis. Urban data for the basic regression in the
sample are from the China Urban Statistical Yearbook.
The data in the mediation effect model are from China
Urban Statistical Yearbook and China Digital Financial
Inclusion Index. The data in the moderation effect model
are from the China Urban Statistical Yearbook and China
Land Market Network. To eliminate the error caused by
uneven development among prefecture-level cities, cities
with incomplete data and the four major municipalities
were excluded. Subsequently, we obtained 3503 observa-
tions in 274 cities.
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Table 3 Baseline regression

rosults Variables @) ?2) 3) @ 5) 6)
GTI GTI GTI GTI GTI GTI
treat X post 0.0537***  0.0473***  0.0410%**  0.0415%** 0.0400%**  (0.0392°%:**
(0.0115) (0.0101) (0.0087) (0.0087) (0.0085) (0.0083)
den 0.0010%**  (0.0010%**  0.0009%3:* 0.0009%#**  (0.0009%:**
(0.0003) (0.0002) (0.0002) (0.0002) (0.0002)
sci 0.0272%*% (0,027 1%%** 0.0266%**  (0.0269%**
(0.0078) (0.0077) (0.0076) (0.0077)
fdi —0.3512%*  —0.3009* —0.3076%*
(0.1600) (0.1574) (0.1485)
gov 0.0379#%#%  ().0383%**
(0.0123) (0.0134)
indus 0.001 1***
(0.0004)
Constants 0.0017 0.4107#%%  (.3887%*k*  (,3792%%:* 0.3740%*%  (0,3225%%*
(0.0048) (0.1032) (0.0920) (0.0915) (0.0918) (0.0951)
YearFE YES YES YES YES YES YES
CityFE YES YES YES YES YES YES
Observations 3503 3503 3503 3503 3503 3503
R? 0.2004 0.3726 0.4389 0.4460 0.4512 0.4548
AdjustedR? 0.1974 0.3701 0.4365 0.4435 0.4485 0.4519

k% and * represent p<0.01, p<0.05, and p<0.1, respectively. Numbers in parentheses represent
robust standard errors. The empirical results are clustered at the city level. These values are the same in the
tables below and will not be repeated.

Empirical results and discussion
Impact of SCC on GTI
Baseline results

The baseline regression was obtained from model (1), and
the results are listed in Table 3. Time and individual fixed
effects were controlled for in the model, and all regres-
sions adopted the standard error clustered at the city level.
In Column (1), the coefficient before treat X post is 0.0537
at the 1% significance level, which only contains the core
variable. This demonstrates that SCC improve GTI at the
prefectural level, which is consistent with Hypothesis 1.
This indicates that SCC is conducive to innovation, which
is consistent with the findings of Caragliu and Del Bo
(2019). After the control variables of population density
(den), R&D investment (sci), foreign direct investment
(fdi), government intervention (gov), and industrializa-
tion level (indus) were added to Columns (2) to (6), the
coefficients of the core independent variables were still
credible at the 1% significance level, which indicates that
SCC promote GTI.

Influence of SCC on different types of GTI

GTI can be divided into green invention innovation (GII)
and green utility innovation (GUI). To further investigate

the impact of SSC on different GTI, the empirical results
of the two types of patents were taken as independent vari-
ables. In Table 4, Columns (1) to (2) show the regression
results of SSC on GII, while Columns (3) to (4) show the
regression results of SSC on GUI. Columns (1) and (3)
show only the core independent variables, while Columns
(2) and (4) show the results after adding control variables.
The coefficients in columns (1) and (3) are 0.0227 and
0.0165 at the 1% significance level, respectively, which
indicates that SSC plays an important role in promoting
GII and GUI. Therefore, the following discussion no longer
classifies GTI.

Parallel trend test results

Based on Model (2), the parallel trend test result is shown in
Fig. 2. The parallel dynamic trend indicates that before SCC,
the change trends of the experimental and control groups
were consistent and there was no significant difference.
However, one year after SCC, the regression coefficient of
the experimental group was significantly positive and gradu-
ally deviated from the zero axis, indicating that the SCC
significantly improves the level of GTI in the region. Mean-
while, the results in the last two years of the event study
are not significant, indicating that the government needs to
strengthen supervision, promote SCC comprehensively, and
maintain its influence.
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Table 4 Regression results of different types of GTI

(D 2 (€)) “4)
GlI GlI GUI GUI
treat X post  0.0309%%% (.0227%#%  (.0228%#* (.0165%**
(0.0068)  (0.0050) (0.0050)  (0.0035)
den 0.0005%# 0.0005%#
(0.0001) (0.0001)
gov —0.0216%** —0.0168%#*
(0.0078) (0.0057)
indus —0.0005%* —0.0005%
(0.0002) (0.0002)
fdi —0.1725%x* —0.1351%x*
(0.0838) (0.0655)
sci 0.0163%# 0.0105%
(0.0047) (0.0030)
Constants  0.0008 —0.1689%** 0.0009 —0.1536%#
(0.0027)  (0.0501) (0.0022)  (0.0453)
YearFE YES YES YES YES
CityFE YES YES YES YES
Observations 3503 3503 3503 3503
R? 0.1776 0.4104 0.2156 0.4808
AdjustedR?  0.1746 0.4073 0.2127 0.4781
Robustness tests
IV estimation

Although the potential variables affecting GTI were con-
trolled in this study, the problem of missing variables may
not have been solved completely. Therefore, we need to rule
out possible endogenous problems in the model to ensure the
credibility of empirical conclusions. Referring to Cai et al.

(2016), we use instrumental variable (IV) estimation as a
robust test to solve the policy endogeneity problem. Good
instrumental variables must be exogenous and correlated.
Basic information infrastructure is essential for the construc-
tion of smart cities. Telephone wire dial-up access was the
most basic method for constructing network infrastructure
at the beginning of smart city creation. In general, cities
with high telephone penetration have better digital economy
development and are more likely to be included in the smart
city pilot. A direct relationship was not observed between
telephones in 1984 and local GTI, which met the require-
ments of instrumental variables. Therefore, we select the
number of telephones in 1984 as the instrumental variable
for SCC. To test the promotion effect of SCC on GTI, we
adopted the two-stage least squares method. The number of
telephones in 1984 represents sectional data and thus does
not change with time. To determine that the selected instru-
mental variables have dynamic characteristics, the interac-
tion term between the number and time trend of telephones
in 1983 was constructed as the instrumental variable (Nunn
and Qian 2014).

Table 5 shows the results. The coefficient of regression
of the instrumental variable in the first stage was 0.0078
at the 1% significance level. The regression coefficient of
treat X post in the second stage was 0.6861, which was also
positive at the 1% significance level. This indicates that
SSC still plays an important role in promoting GTI after
excluding the interference of endogeneity. The F value of
the regression of instrumental variables was 21.38 in the
first stage, which is much higher than 10, thus showing
that the weak instrumental variable test has been passed.
Therefore, the conclusion that SSC can promote GTI is
robust.

Fig.2 Parallel trend test
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Table 5 Instrumental variable regression results

Dependent variable First-stage regression ~ Second-stage

regression
treat X post GTI
IV: Fixed-line penetration 0.0078%***
in 1984 (0.0019)
treat X post 0.6861%**
(0.2179)
Constants -0.1175 —0.2962*
(0.1649) (0.1239)
Control variables YES YES
YearFE YES YES
CityFE YES YES
F value 21.38 -
Observations 2764 2764
R? 0.5231 0.3110

Post-propensity score matching DID estimation

The sample selection bias of smart cities, in which SSC
may be influenced by the regional differences of economic
and infrastructure, was also considered. To correct sample
selection bias, this paper uses the Propensity Score Match-
ing-DID (PSM-DID) method. Before performing PSM, it
is necessary to test whether the variables satisfy the com-
mon support hypothesis. The inspection results are shown
in Table 6, and they reveal that significant difference is not
observed after matching, thereby indicating that PSM-DID
is feasible.

New regression results were obtained after re-matching
the samples. A comparison of the treatment and control
groups showed that the different variables with mean differ-
ences were not significant at the 1% level, which indicated
that the treatment and control groups were consistent. We
selected the regional industrialization degree, fiscal expendi-
ture, population density, level of foreign direct investment,
R&D investment, and per capita real GDP as the matching
variables according to the 1:1 nearest neighbor matching
method with back sampling. The treatment groups were
matched year by year. Columns (1) and (2) in Table 7 show
the regression results of the new samples matched using the
PSM method. The independent variable is the amount of

GTIL. In addition, we change the matching method to indi-
cate that the results are robust. Columns (3) and (4) show
the radius matching results, while columns (5) and (6) show
the kernel matching results. The results show that the coef-
ficients of SCC are all significant. Thus, SCC still signifi-
cantly promotes GTI after considering the sample selection
bias.

Eliminating the impact of traditional city construction

To ensure the robustness of the regression results, we discuss
city policies that may affect GTI. Before the smart city pilot
was launched, urban development was driven by urbaniza-
tion. The higher the urbanization level, the better economic
development in the city. Urbanization is a powerful driv-
ing force for sustainable economic growth and inevitable
trend in social development. Technology innovation and
urbanization levels interact with each other in the process
of rapid urbanization. Therefore, the effect of interference
by traditional city construction on GTI must be considered.
The urbanization rate (urban) is an important indicator that
reflects the level and process of urbanization. This study
measured the proportion of the city’s permanent urban popu-
lation to the total urban population. The results show that the
coefficients of the core independent variables were always
positive and significant in Table 8. This means that tradi-
tional urban construction did not influence the significance
level of the baseline regression results, thus excluding the
interference of other policies and verifying the robust of the
baseline regression results.

Causal mediation effect analysis

Using the causal mediation analysis method, this paper tests
whether SCC has a mediating effect on GTI through the
digital economy. Referring to Hicks and Tingley (2011), we
used Stata software to generate treatment variable T and then
randomly generated data into experimental group and con-
trol group, where 1 represented the experimental group and
0 represented the control group. The “medeff” command was
used to test the causal mediation effect, and the regression
results were shown in Table 9. Column (1) shows that the
coefficient of treat X post is significantly positive at the 1%

Table 6 PSM-DID method

=T Variable Mean of the experi- Mean of the experi- Difference T value P value

su1tab111ty test (common support mental group mental group

hypothesis)
den 403.202 381.814 21.388 0.65 0.5145
sci 1.257 1.317 0.061 0.41 0.6813
fdi 0.015 0.016 0.001 0.59 0.5551
gov 0.474 0.476 0.002 0.03 0.9739
indus 3.006 3.104 0.098 0.64 0.5245
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Tk Sl e s I R B
GTI GTI GTI GTI GTI GTI
treat X post 0.0464%** 0.0446%** 0.0423%%#* 0.0428%** 0.0416%** 0.0409%*%*
(0.0118) 0.0111) (0.0103) (0.0104) (0.0101) (0.0101)
urban 0.0002 0.0003 0.0002 0.0002 0.0002 0.0002
(0.0005) (0.0005) (0.0004) (0.0004) (0.0004) (0.0004)
den 0.001 13k 0.0010%#:* 0.0010%%:* 0.0010%:* 0.0010%**
(0.0004) (0.0003) (0.0003) (0.0003) (0.0003)
sci 0.0219%** 0.0220%** 0.0216%** 0.0217%*%*
(0.0083) (0.0083) (0.0082) (0.0082)
fdi —0.2130% —0.1330 —0.1480
(0.1157) (0.1049) (0.1046)
gov 0.0498%3#:* 0.05 14
(0.0120) (0.0115)
indus —0.0007
(0.0005)
_cons 0.0966%** 0.5777%#%: 0.5324 sk 0.5230%:#:* 0.5155%s#:* 0.4831##*
(0.0275) (0.1685) (0.1550) (0.1546) (0.1541) (0.1562)
YearFE YES YES YES YES YES YES
CityFE YES YES YES YES YES YES
Observations 2083 2083 2083 2083 2083 2083
R? 0.2734 0.4198 0.4586 0.4609 0.4672 0.4680
AdjustedR? 0.2685 0.4156 0.4544 0.4565 0.4625 0.4631

level, indicating that SCC plays a positive role in promoting
the digital economy. Column (2) shows that the coefficients
for treat X post and digital are both significantly positive at
the 1% level. In addition, the mediating effect value of digi-
tal economy is 0.0014, and the ratio of mediating effect to
total effect is 28.04%. These findings indicate that digital
economy plays a partial intermediary role in the process of
SCC promoting GTI, thereby verifying hypothesis H2.

Moderating effect analysis

Referring to the mainstream regulatory effect test method,
we included control variables, independent variables, mod-
erating variables, and interaction terms between independent
variables and moderating variables in the model to deter-
mine their coefficients and significance changes. Table 10
shows the test results of the resource allocation adjustment
effect of the three categories (land, labor, and capital). The
variables land,lab, and cap represent the land resource misal-
location, labor resource misallocation, and capital resource
misallocation indices, respectively. Columns (1) to (3) show
the moderating effects of land, labor, and capital misalloca-
tion on SCC and GTI. Table 10 shows that compared with
the coefficient of treat X post in the baseline regression
(Table 3), the coefficient before treat X post in the moderat-
ing regression result becomes negatively significant, small
or insignificant, indicating that the effect of treat X post is
absorbed by the added interaction term. In the analysis of

moderating effects, we only focus on the coefficient of the
interaction term.
In Column (1), the coefficient before treat X post

is —0.0212, which is negative significantly. The coefficient
before treat X post X land is 0.0084, which is positive sig-
nificantly at the 1% level. After comparing the results, we
found that land resource optimization plays a significantly

Table 9 Causal mediating effect of SCC on GTI through the digital
economy

variables (1) 2
digital GTI
T 0.0282 -0.0008
(0.0517) (0.0030)
treat X post 0.4484%** 0.0270%**
(0.1147) (0.0051)
digital 0.0810%*
(0.0031)
Controls YES YES
Constant —0. 8745%** —0.0467**%*
(0.2418) (0.0088)
ACME 0.0021
Direct effect —0.0007
Total effect 0.0014
Proportion of mediating 0.2804
effect
Observations 2199 2199
R? 0.2236 0.8281
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Table 10 Regression analysis of the moderating effect of resource
allocation

M (@) 3
GTI GTI GTI
treat X post —0.0212* 0.1235%%* -0.0112
(0.0112) (0.0274) (0.0115)
land 0.0000
(0.0000)
treat X post X land ~ 0.0084***
(0.0019)
lab 0.0039*
(0.0023)
treat X post X lab —0.0298***
(0.0077)
cap 0.0083
(0.0065)
treat X post X cap 0.0967%**
(0.0262)
den 0.0010%** 0.0009%** 0.0008***
(0.0003) (0.0002) (0.0002)
gov —0.0361*** —0.0406%** —0.0375%**
(0.0123) (0.0134) (0.0130)
indus —0.0010%** —0.0007** —0.0005*
(0.0004) (0.0003) (0.0003)
fdi —0.3164** —0.2263* —0.2262%*
(0.1478) (0.1188) (0.1095)
sci 0.0221 % 0.0250%** 0.0246%**
(0.0068) (0.0071) (0.0069)
Constants —0.3397%%% —0.3527%%* —0.2971%**
(0.1066) (0.0912) (0.0761)
YearFE YES YES YES
CityFE YES YES YES
Observations 3415 3503 3503
R? 0.4996 0.4930 0.5184
AdjustedR? 0.4966 0.4901 0.5157

negative regulatory role between SCC and GTI, which vio-
lates Hypothesis 3. This may be because the inefficient allo-
cation of land resources is usually manifested in the fact
that the price of industrial land is much lower than that of
commercial land, which is beneficial to the development of
industry, whereas the patents of GTI are mostly in the field
of industrial production (Hua et al. 2020).

In Column (2), the coefficient before treat X post is
0.1235, which is positive significantly at the 1% level. The
coefficient before treat X post X lab is —0.0298, which is sig-
nificant at the 1% level, indicating that labor resource opti-
mization positively regulates the relationship between SCC
and GTI, which supports Hypothesis 4. This indicates that
cities with mismatched labor resources will not foster the
promoting effect of SCC on GTI because the improper allo-
cation of labor resources reduces the total factor productivity

@ Springer

and innovation output, which is consistent with the conclu-
sions of Hsieh and Klenow’s (2008).

In Column (3), the coefficient before treat X post
is —0.0112. The coefficient before treat X post X cap is
0.0967, which is significant at the 1% level, indicating that
capital resource optimization plays a significant negative
regulatory role between SCC and GTI, which indicates that
Hypothesis 5 is not valid. This may be because the capital
input is too high in traditional production fields (Rong and
Gu 2016), while GTI mostly occurs in traditional production
industries, such as heavy industries and pollution. Therefore,
the higher the mismatch of capital resources, the stronger the
promotion effect of SCC on GTI.

This finding does not mean that the mismatch of land
and capital resources is favorable, which is due to the cur-
rent low quality of China’s industrial development and the
actual conditions of extensive development. The misalloca-
tion of resources beneficial to industrial development pro-
motes technology innovation in industry. China is also trying
to improve the situation by upgrading and rationalizing its
industry and improving the efficiency of resource allocation
by upgrading its industrial structure.

Further analysis: spatial spillover effect
Spatial correlation and model suitability test

Although the above analysis has explained the positive
effect of SCC on GTI, the estimation results may be biased
because the spatial correlation among regions is ignored,
which violates the Stable Unit Treatment Value Assump-
tion. Therefore, the impact of SCC on GTI based on DID
investigation needs to be further expanded. In this paper,
spatial DID was introduced to test the impact of envi-
ronmental protection interview on local and neighboring
areas, namely, the spillover effect of GTI in the imple-
mentation of SCC. Before spatial regression, the varia-
bles should be spatially correlated. The test results of the
Moran index in this paper are shown in Table 11. From
2006 to 2018, the Moran index is all greater than zero,
and the P value test results are all less than 0.1, indicating
that there is an obvious spatial positive correlation in SCC
and GTI as a whole.

In addition, to verify the applicability of the spatial
Durbin model, LR and Wald tests were carried out, and
P <0.01, showing that Spatial Durbin model (SDM) was
rejected to degenerate into the spatial lag model and spa-
tial error model. Combined with the Hausman test, the
SDM with fixed effects is used to estimate the spillover
effect of SCC on GTI. The specific results are presented
in Table 12.
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32:2111’1 II())iingjllolution of Year Moran’sT P value Table 13 SDID regression results
2006 0.070 0.049 G o1t ot
2007 0.107 0.003 M @ ®
2008 0.144 0.000 treat X post 0.033%** 0.047%** 0.036%**
2009  0.146 0.000 (0.004) (0.004) (0.004)
2010  0.223 0.000 Wireat X post 0.014%%* 0.001 0.023%%*
2011 0215 0.000 (0.007) (0.010) (0.010)
rho 0.343%** 0.171%** 0.273%%*
0202030000 oon oo oo
Control YES YES YES
2014 0.192 0.000 YearFE NO YES YES
2015 0215 0.000 CityFE YES NO YES
ig:s 85?2 gggg Log likelihood 5091.107 3764.593 5153.928
Observations 3562 3562 3562
2018 0211 0.000 R? 0.439 0.274 0.406
Table 12 Suitability results of Spatial Durbin model Heterogeneity an alysis
Models T value P value
_ Differences in city size
LR spatial lag 106.82 0.000
Wald SPfitial lag o1.78 0.009 The analysis above shows that SCC can effectively promote
LR spatial error 103.81 0.000 T
) GTI. However, it is important to explore whether heteroge-
Wald spatial error 11976 0.000 neity occurs in the GTI effect for cities of different scales.
Hausman test —227.64 -

The result of the Hausman test is negative; the basic assumptions of
the RE model (Corr(x_it, u_i)=0) cannot be satisfied. Therefore, FE
should be used

SDID results

Table 13 shows the estimated results of the Spatial Dur-
bin model. The coefficients of treat X post are the spatial
direct effect, and the coefficients of Wtreat X post are the
spatial spillover effect of SCC on GTI. Rho is positive and
passes the significance test, showing a significant spatial
effect of SCC on GTI. In column (3), city fixed effect
and time fixed effect have been controlled. And the coef-
ficient of direct effect and spatial spillover effect of SCC
on GTI is significantly positive. This indicates that local
SCC will not only promote local GTI, but also improve
the level of GTI in neighboring cities. This conclusion is
in agreement with the conclusion of Hu et al. (2023) that
SCC policy plays an exemplary role in neighboring cities
and has positive spatial spillover effect. It is easy to form
imitation effect between regions and has positive spatial
spillover effect. Therefore, Hypothesis 6.2 is established;
SCC have a diffusion effect on GTI that causes a positive
spatial overflow.

Large-scale cities act as resource siphons and agglomera-
tion centers and present higher allocation efficiency of GTI
factors, which are beneficial for promoting GTI. However,
most large cities face urban problems such as resource short-
ages, environmental pollution, and traffic congestion, which
severely restrict the green development of the social econ-
omy (Wang and Zhou 2021).

The latest standards in the Notice on Adjusting the Stand-
ards for Classifying Cities issued by the State Council in
2014 were used to delimit the cities. These standards classify
cities into three types, namely, small and medium-sized cit-
ies, big cities, and megacities (Sun et al. 2018; Li et al 2022a,
b, c; Qi et al. 2022), and the classification standard is based
on the number of permanent residents in urban areas: Cities
with less than 1 million residents are classified as small and
medium-sized cities, cities with more than 1 million resi-
dents and less than 5 million residents are classified as big
cities, and cities with more than 5 million residents are clas-
sified as megacities. In this study, the samples are divided
into different sizes to test heterogeneity, and the results are
presented in Table 14. SCC in big cities and megacities had
significant positive effects on GTI, whereas SCC in small
and medium-sized cities did not have significant effects on
GTTI. These differences can be explained as follows. In small
and medium-sized cities, SCC has not yet played a role as
catalyst, which may be due to the fact that these cities have
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Table 14 Test results of Rh)
heterogeneity of city size

@) 3

Cities with the last 1/3 of the

population
GTI
treat X post —0.0016
(—0.4532)
den —0.0001
(—0.9638)
sci 0.0034
(1.6448)
fdi 0.0352
(1.1402)
gov —0.0058%*%*
(—2.7962)
indus 0.0001
(0.9163)
Constants 0.0156
(0.7702)
YearFE YES
CityFE YES
Observations 1553
R? 0.2848
AdjustedR? 0.2764

Cities with the medium
1/3 of the population

Cities with the top 1/3 of
the population

GTI GTI
0.0423 %% 0.3856*
(4.3370) (1.9811)
0.0009%* 0.0029%
(3.1930) (2.0130)
0.024 1% 0.0315
(2.9393) (0.7648)
—0.7650%% 1.7028
(-3.1007) (0.7695)
—0.0545%% 1.3215
(—2.4357) (0.9448)
—0.0016%%%* 0.0016
(=2.6190) (0.3326)
—0.3316%* —2.9426%
(=2.2720) (-1.9411)
YES YES

YES YES

1829 182
0.5604 0.6655
0.5561 0.6285

relatively extensive economic development models and face
greater downward pressure on the economy than large cities,
and economic transformation and upgrading by SCC have
not been observed in these cities (Cheng et al. 2022). Com-
pared with small and medium-sized cities, large-scale cities
present higher human capital and innovation capabilities and
have stronger communication infrastructure and economic
foundations, which are more conducive to SCC. The empiri-
cal results further confirm the heterogeneity of SCC on GTI
according to the city size.

Differences in city characteristics

Whether the impacts of urban characteristics differ based
on different resource endowments among cities has signifi-
cant practical significance and policy value. Starting with
the human, material, and financial resources necessary for
urban development, this study verifies whether heterogeneity
occurs in the effect of GTI on cities of different character-
istics. Based on Sun et al. (2018) and Li et al. (2022a, b, ¢)
are referenced, the proportion of the number of students in
regional institutions of higher learning in the total popula-
tion at the end of the year was used to represent the level
of urban human capital (%), the per capita road area of the
region was used to represent the level of urban material
resources (inf), and the proportion of local government’s
financial expenditure was used to represent the level of urban
financial resources ( fis). These three indicators were divided
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into two groups according to their average values. The value
of the high-level group was set to 1, and the value of the low-
level group was set to 0. This study compared the differences
between the two groups using triple differences to determine
the impact of different urban characteristics.

The results are presented in Table 15. In column (1),
treat X post X hhigh is the triple difference interaction term
between the high human resource level group and SCC, and
it has a coefficient of 0.1036 and a significantly positive
value at the 1% level, indicating that SSC has a more obvious
promoting effect on GTI in cities with higher human capital
levels. The level of human capital is an important support
for SCC and GTI. If the level of human capital is low, then
support for city construction and green innovation will be
low (Li et al. 2022a, b, ¢).

Similarly, Column (2) represents the triple-difference
empirical results for the group with high material resource
levels. The results show that the promotion effect of the
SCC on GTI in cities with high material resource levels
was significantly improved by 12.94% compared with that
in cities with low material resource levels. This indicates
that the human capital level and traditional infrastructure
construction are both important resource elements sup-
porting SCC. In addition to information infrastructure,
traditional infrastructure such as roads, railways, ship-
ping, and airports plays a supporting role in SCC (Guo
and Zhong 2022).
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Table 15 Test results of city characteristic heterogeneity analysis

)] ) 3
GTI GTI GTI
treat X post X hhigh ~ 0.1036%***
(0.0180)
treat X post X infhigh 0.12094%*%*
(0.0196)
treat X post X fishigh —0.0329%%*%*
(0.0067)
den 0.0009%** 0.0008*** 0.0009%**
(0.0002) (0.0002) (0.0002)
gov —0.0311%**  —0.0294***  —(0.0395%***
(0.0106) (0.0102) (0.0133)
indus —0.0006* —0.0008** —0.0011%**
(0.0003) (0.0003) (0.0004)
fdi —0.2209* —0.1979* —0.2729%*
(0.1173) (0.1029) (0.1315)
sci 0.0250%** 0.0244%** 0.0280%**
(0.0071) (0.0068) (0.0080)
Constants —0.3199%**  —0.2980***  —(.3248***
(0.0949) (0.0944) (0.0969)
Observations 3503 3503 3503
R? 0.5049 0.5336 0.4438
AdjustedR? 0.5024 0.5312 0.4409

In Column (3), the independent variable is the triple
interaction term between the group with high financial
resources and SCC, and its coefficient is — 0.0329, which
is significant at the 1% level. This finding may be because
the financial resources of local governments are primarily
used for productive expenditures, such as capital construc-
tion, including the improvement of transportation infra-
structure. Information infrastructure is still in its early
stages, and the digitalization level is too low. At this time,
smart cities should aim to construct and improve informa-
tion infrastructure. Therefore, cities with high fiscal sup-
port are conducive for further improving the infrastructure
for science, education, culture, health, and transportation,
thus providing a guarantee for GTI (Li et al. 2021). The
empirical results confirm the heterogeneous effect of SCC
on GTT in terms of city characteristics.

Conclusions and policy implications

This study used data from 274 prefecture-level cities in
China from 2006 to 2018 as the sample, adopted SSC as a
quasi-natural experiment, empirically tested the impact of
SCC on GTI. The findings explained the heterogeneity of
GTI effects and provided an empirical basis for developing
smart cities worldwide, especially China, and accelerating
the process of SCC. The results showed that SCC signifi-
cantly promotes GTI in cities. This conclusion remained

robust even after various endogenous treatments and
robustness tests. Second, a causal mediation effect analy-
sis revealed that SCC can promote local GTI by improving
the digital economy level. Third, the moderating effect
analysis revealed that labor resource mismatches have a
negative moderating effect on the relationship between
SCC and GTI. Fourth, the spatial spillover effect analysis
revealed that SCC has policy spillover effects that can pro-
mote GTI in both local and neighboring cities. Finally, the
heterogeneity analysis revealed that the impact of SCC on
GTI is more obvious in cities with a larger size and higher
level of human and material resources.

The following policy implications were drawn based on
the conclusions of this study:

First, SCC can improve GTI, and the digital economy
is an important mechanism. Therefore, to promote urban
GTI, the government should vigorously promote SCC and
improve the digital economy development level in cities.
On the one hand, we should accelerate the high-quality
development of information infrastructure; expand fiber
broadband penetration, 5 g coverage, IPV6, and internet
access; construct other new generation communication
infrastructure; and improve the quality of communica-
tion network coverage and service. On the other hand, we
should promote the deep integration of the digital econ-
omy with the real economy, accelerate the digital trans-
formation of traditional manufacturing, and promote the
deep integration of digital technology with manufacturing
to foster high-quality GTI.

Second, regions with optimized factor resource alloca-
tion foster the promoting effect of SCC on GTI. There-
fore, the government needs to focus on and guide rational
resource allocation to stimulate the vitality of GTI. Based
on the findings, the following suggestions are provided.
(1) Promote the shift from government-led land alloca-
tion to market-led land allocation, establish a mechanism
to coordinate the transfer prices of industrial and com-
mercial land, and optimize the land transfer structure. (2)
Strengthen labor force education and training, improve
labor force skills and quality, and provide conditions for
labor force transfer to under-allocated areas. At the same
time, the whole society should accelerate the construction
of information transmission channels and reduce the fric-
tion of employment information to facilitate the full free
matching of labor and jobs within the whole society. (3)
Preferential governmental policies should be developed,
investment environment construction should be promoted,
attraction of local capital should be enhanced, and optimi-
zation of capital resource allocation should be promoted
through inter-regional cooperation and coordination.

Third, the spatial spillover effect of SCC on GTT has been
demonstrated. To further exert the positive externalities, the
policy support for the establishment of SCC pilots should
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be further strengthened, and the spatial diffusion effect of
GTI should be strengthened both in time and space. At the
same time, strengthen the development of digital technology
in pilot cities; ensure the smooth flow of innovation ele-
ments such as data, knowledge, information, patents, funds,
and talents; and promote the radiation of innovation factors
to surrounding areas, forming a development trend of first
mover driving late.

Finally, in view of the heterogeneity of the smart city
scale and characteristics, cities should gradually implement
policy guidance that matches the local resource systems.
The implementation process of SCC should be flexible
and adjusted for local conditions. For cities with a small
size with low human, material, and financial resources, the
government should (1) establish the perfect talented person
mechanism invest in education, which can effectively enrich
the regional talent reserve and improve the level of scientific
research; (2) improve the city’s infrastructure, such as traf-
fic, accommodation, and communication; (3) and adjust the
structure of fiscal expenditure to meet the needs of SCC and
green economic development. However, for large-scale cities
with abundant human, material, and financial resources, the
transformation of scientific and technology achievements in
pilot cities should be actively guided, and smart city pilot
policies should be utilized to build an urban innovation eco-
system to promote high-quality urban development.

Discussion and future

Large-scale cities have abundant innovation resources, such
as skilled labor, capital, and technology, which facilitate
the development of digital technologies and realization of
green innovation through economic agglomeration effect
(Zhu et al. 2019). However, can the impact of SCC on GTI
be achieved in cities with small size, low human capital,
and relatively low level of urban construction? The answer
is no. Lopes and Oliveira (2017) researched SCC in Portu-
gal and showed that small and medium-sized cities can also
implement SCC policies by making personalized smart city
plans that match local economic capabilities and develop-
ment conditions, and they ultimately achieved sustainable
development.

Because of available data limitations, knowledge reserves,
and time constraints, this paper cannot discuss how smart
cities may promote green innovation with an undominant
external environment. However, cities with small-scale, low
human capital, and relatively low level of urban construction
will be taken as the research object of our next paper. Per-
haps the government should focus on three aspects: improv-
ing traditional infrastructure, increasing financial support,
and setting up policies to attract talent. In the future, we
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will discuss how talent subsidy policies in different locations
affect the green innovation effect of smart cities.
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