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Abstract

The Yellow River Economic Belt (YREB) is a fundamental ecological protection barrier for China. Its carbon pollution
issues are currently severe owing to the extensive energy consumption and unsatisfactory industrial constructions. In this
context, this paper estimates carbon emission efficiency (CEE) based on the panel data from 56 cities in the YREB during
the period 20062019 and analyzes its spatial distribution characteristics. Additionally, the spatial Durbin model (SDM) is
utilized to examine the effect of technological innovation (TT) on CEE as a result of the moderating effects of government
support (GS) and marketization (MA), respectively. The results indicated that (i) in the YREB, CEE exhibited significant
spatial autocorrelation characteristics; (ii) TI negatively affected local CEE; (iii) the moderating effect of local GS on the
relationship between TI and CEE in the local area was negative, but its spatial spillover effect was still not significant; (iv) the
moderating effect of local MA on the relationship between TI and CEE in the local area was also negative, but positive in the
surrounding areas. Based on the empirical analysis, a series of policy suggestions are proposed to improve the YREB’s CEE.

Keywords Carbon emission efficiency - Technological innovation - Government support - Marketization - Yellow River
Economic Belt

Introduction

Significant issues relating to greenhouse gas emissions in
China have resulted from increased energy consumption,
which has caused widespread public concern (Tong et al.
2021). In contrast with developed countries, China’s energy
generation is less efficient, resulting in international pressure
on China to reduce CO, emissions. In accordance with the
framework of the Paris Agreement, the Chinese government
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announced plans to reduce carbon emission intensity by
about 60-65% by 2030 (compared with 2005 levels) and to
peak its CO, emissions, creating a significant and challeng-
ing objective (Anderson et al. 2020; Rogel]j et al. 2019). In
response to the double challenge of domestic carbon pol-
lution and international climate commitments, the Chinese
government has issued various policies to reduce CO, emis-
sions. For instance, in January 2017, the National Develop-
ment and Reform Commission announced their intention
to construct the third batch of low-carbon pilots. In addi-
tion, in June 2017, China’s carbon emission trading market
was officially launched (Chen et al. 2021). Subsequently,
the Ministry of Ecology and Environment of the People’s
Republic of China issued the Procedures for the Administra-
tion of Carbon Emissions Trading (for Trial Implementation)
in December 2020 (Zhang et al. 2022d).

Indisputably, the government should not only focus on
limiting the quantity of CO, emissions but also consider its
effect on economic growth. Therefore, this paper selected
carbon emission efficiency (CEE), a combination of these
two issues, as a reasonable evaluation indicator. Existing
literature has indicated that improving carbon emission
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efficiency is a more efficient way for China to reduce car-
bon pollution (Sun and Huang 2020; Zhang et al. 2022a, b,
¢). The calculation of CEE is therefore of primary concern,
and there are two methods: the single-indicator method and
the multi-indicator method. The former is usually defined
as the CO, emissions per unit of GDP or the CO, emis-
sions per unit of energy consumption, which isolates the
integrated relationship between CO, emissions, GDP, and
energy consumption. The multi-indicator method, how-
ever, is well designed by considering the undesirable output
of CO, emissions and the desired output of GDP, both of
which are generated by specific inputs of capital, labor, and
energy (Zhou et al. 2019). In addition to the estimation of
CEE, previous studies have also focused on the factors that
influence it. Specifically, numerous studies have applied
panel data and spatial econometric models to explore the
effects of various factors on CEE, among which the level of
urbanization, foreign direct investment, economic level, and
industrial structure are widely investigated factors (Liu et al.
2019). The effect of technological innovation (TI) on CEE
has attracted considerable discussion with the application of
TI to carbon reduction. A significant quantity of research has
identified TT as an essential factor affecting CO, emissions
(Dong et al. 2022; Zhang and Liu 2022).

Previous studies have examined the relationship between
technological innovation (TI) and CO, emissions in relation
to alternative regional scales (Li et al. 2021a, b; Xie et al.
2021; Zhang et al. 2017), and there is currently no consen-
sus on the effect of TI on CEE so far. On the one hand,
TI is considered an essential way to develop a low-carbon
economy. For instance, the quantity of patents granted can
significantly reduce the regional CO, intensity by providing
alternative energy sources to reduce dependence on fossil
fuels. The renowned environmental Kuznets curve (EKC)
demonstrates that environmental pollution has an inverse
U-shaped relationship with economic growth, with pollution
decreasing once the development of the economy reaches a
certain threshold as a result of TI (Grossman and Krueger
1995). TT enhances CEE in numerous ways, such as cleaner
production, less energy consumption, and higher-quality
economic development. Specifically, the increased level
of urban innovation enhances efficient production methods
and facilitates high-tech carbon collection and treatment
methods, thereby contributing to enhanced CEE (Zhang
et al. 2017). On the other hand, however, not all TI sce-
narios contribute to CO, reduction. For instance, innovation
activities in fossil energy technologies are less efficient in
reducing CO, emissions (Wang et al. 2012). In addition, Yii
and Geetha (2017) used the Granger causality test to dem-
onstrate that the effect of TI on enhancing environmental
quality is only effective in the short term but not in the long
term. While TI promotes economic growth, it can also trig-
ger a “rebound effect” (Yang and Li 2017). That is, energy

efficiency gained from TI would lower production budgets,
promote economic expansion, and consume additional fossil
fuels, thus decreasing CEE (Huang et al. 2021; Han 2021).

Furthermore, marketization (MA) as well as government
support (GS) are regarded as facilitators of innovative activi-
ties in a few studies for their significant effects on resource
integration and factor circulation (Wang 2018). GS can sig-
nificantly enhance firms’ efforts in low-carbon innovation,
which has attracted widespread attention from academics.
Yang and Xu (2019) proposed that government subsidies can
provide financial support for businesses’ TI investments and
contribute to their carbon reduction innovation. Guo et al.
(2020) proposed that the green technology bank database
(developed by the Chinese government) has significantly
reduced the barriers to corporate utilization of green TI
as well as providing an alternative to dependence on tra-
ditional “dirty” TI. Similarly, Du and Li (2019) found that
the effect of TI on carbon mitigation is greater in developed
economies compared with developing economies owing to
their enhanced GS. On the other hand, regions with a higher
level of MA have a more sophisticated institutional system,
which facilitates the transfer of factors and products and
creates a competitive and structured environment for inno-
vative activities (Zhao and Yu 2014). Several studies have
found that MA can facilitate the greening transformation of
TI (Varadarajan 2020). Especially for developed countries,
customer demand is an essential source of clean innova-
tion, contributing to the development of environmentally
friendly materials and the reduction of energy consumption
and CO, emissions (Veugelers 2012). This suggests that as
economic and MA levels increase, the public becomes more
aware of environmental conservation and they will increase
their purchase of green products (Albort-Morant et al. 2016).
Market demand can also enhance the expected returns of
clean products, creating an intrinsic incentive for green TI
and thus reducing CO, emissions. The previous literature
provides an important reference for the study of the mod-
erating effect of government and market on the relationship
between TI and CEE.

The YREB is both a political and cultural center and an
important economic belt within China. The region is rich
in fossil fuels and has strategic responsibility for ensuring
national energy security (Jiang et al. 2021). This has also
resulted in the economic development of the region relying
primarily on energy-intensive industries and being the pri-
mary area for generating carbon emissions in China (Ji and
Zhang 2021). In 2019, the YREB accounted for 40.5% of
the total national emissions (Song et al. 2022). In response
to this, the Chinese government proposed the Outline of a
Plan for Ecological Protection and High-quality Develop-
ment of the Yellow River Basin, a significant national strat-
egy announcement in 2021, which emphasized the impor-
tance of promoting low-carbon development in the YREB
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by enhancing TI. However, this region has obvious short-
comings in TI. According to 2020 statistics, the number of
invention patents granted in the YREB only accounted for
15.62% of the national total. Therefore, reducing CO, emis-
sions by utilizing innovative approaches has become critical
and requires significant focus by both the government and
the market. However, there are few systematic and compre-
hensive studies on the YREB, and few have investigated
the moderating effects of GS and MA on the relationship
between TI and CEE in the YREB from a spatial perspective
(Zhang and Xu 2022; Guo et al. 2022). This paper there-
fore selected the YREB as the research object to investigate
how TI affected CEE. Moreover, given the complexity of
the development and conservation issues of the YREB and
that carbon pollution is a synthetic result of combined fac-
tors (Jiang et al. 2021), the aforementioned multi-indicator
approach, which combines low energy consumption, low
CO, emissions, and high economic growth to calculate CEE,
is appropriate for a comprehensive exploration of CO, emis-
sions issues in the YREB holistically.

To resolve the deficiencies in previous studies, this paper
focused on calculating CEE by utilizing a super-efficiency
slacks-based measure (super-SBM) on the basis of the panel
data of 56 cities in the YREB from 2006 to 2019. It then
investigated the spatial distribution features of CEE in the
YREB combined with global Moran’s I and local Moran’s
1. Furthermore, the direct and indirect effects of TI on CEE
were investigated through a spatial econometric approach.
Finally, based on a dualistic perspective, this paper investi-
gated the moderating effect of GS and MA on the relation-
ship between TI and CEE, respectively.

Overall, this study provides additional contributions com-
pared with existing literature. Firstly, in contrast to most
previous studies, which have taken industry or “hot regions”
as the research sample, this study investigated CEE based
on the panel data of the YREB and analyzed its spatial auto-
correlation characteristics simultaneously. This provided an
empirical reference for the government to control carbon
pollution according to local conditions in the YREB. Sec-
ondly, in comparison with other studies that consider several
factors simultaneously, this study focused on the direct and
indirect effects of TI on CEE in the YREB. Its results iden-
tified the negative impact of TI on CEE, in contrast with
previous research, which indicated that TI is beneficial to
CEE. Thirdly, this study focused on the effect of TI in the
context of the moderation role of GS and MA separately,
which could contribute to developing a favorable govern-
ment approach and market environment for TI activities.

The rest of our study is structured as follows: In the “Lit-
erature review and research hypotheses” section, we recap
previous studies and propose research hypotheses. The “Data
and methods” section introduces the research methodology
and data sources. In the “Empirical analysis and results”
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section, the empirical results of the spatial econometrics
approach are presented and the interactive effects are ana-
lyzed. And finally, in the “Conclusion and policy implica-
tions” section, we draw conclusions and provide a basis for
relevant policy development.

Literature review and research hypotheses

This section first reviews and summarizes the literature relat-
ing to the implications of CEE and TI and the descriptive
analysis of CEE. Then it analyzes the effect of TI on CEE
and the moderating mechanisms of GS and MA, respec-
tively, as well as the relevant findings and discussions relat-
ing to this issue. It concludes with research hypotheses in
corresponding subsections.

Literature review

CEE, as an essential aspect of the assessment of environ-
mental performance assessment, has attracted extensive
attention in academia (Chen et al. 2022). Previous studies
on CEE primarily focused on its assessment, spillover effect,
and relevant factors (Xu et al. 2022a, b). The reasonable cal-
culation of CEE is an important process in setting emission
mitigation policies, which has primarily been undertaken by
utilizing “single-factor” index or “total factor” performance
evaluation methods (Zhang et al. 2022a, b, ¢). The former is
easy to access data and simple to operate, but it separates the
intrinsic link between economy, energy, and CO, emissions
(Luan et al. 2019). The latter, in comparison, consider into
account input indicators, such as capital investment, labor,
and energy consumption, desired output indicators of GDP,
and undesired output indicators of CO, emissions, thereby
improving the accuracy of the assessment of CEE (Fang
et al. 2022). In general, methods for measuring CEE consist
of the data envelopment analysis (DEA) approach, fuzzy
Delphi-ANP approach, and cross-efficiency model based
on Malmquist productivity index (CE-MPI) (Lin and Zhou
2021). Among them, the DEA approaches and its modified
form are the most widely applied to calculate CEE (Gong
et al. 2022). In contrast with other DEA approaches, the
advantages of the Super-SBM model include considering
CO, emissions as undesirable outputs and the reinforce-
ment of radial and non-radial possibilities in the procedure,
thus providing more objective performance assessments
(Gao et al. 2021). For example, Xie et al. (2021) utilized
the Super-SBM model to evaluate the CEE of 59 countries
during the period 1998-2016 and found a steady increase in
CEE in the sample countries. Gao et al. (2021) utilized the
Super-SBM model to estimate the CEE of 28 industrial sec-
tors in China as affected by both explicit and implicit carbon
emission scenarios.
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Besides the estimation of CEE, studies have extensively
focused on the descriptive analysis of CEE. The relevant
researches have primarily utilized the Markov chain model
(Wu et al. 2023), Thiel index (Du et al. 2022a, b), Gini
coefficient (Kong et al. 2019; Zhang et al. 2022a, b, ¢) and
Moran’s / index (Wang et al. 2019a, b) to explore it, among
which only the Moran’s / index considered the spatial loca-
tion of samples. It is significant that geographical factors are
an important factor in CO, emission issues (Wu et al. 2016),
owing to the fact that carbon emissions dispersed directly
into the atmosphere can be readily transferred from one
region to adjacent regions. In recent years, the discussions
on the spillover effect of CEE have slowly developed into
a focus (Fang et al. 2022; Xu et al. 2022a, b; Lin and Zhou
2021). Du et al. (2022a, b) investigated the spatial distribu-
tion aspect of CEE in the construction industry in China,
and found that CEE in the construction industry showed
obvious spatial spillover effects. For the power sector, Yan
et al. (2017) found that there was also a significant spatial
correlation of CEE in different regions, and CEE of the east-
ern region was higher, and it had a spillover effect on the
surrounding areas. Wang et al. (2019a, b) explored the spa-
tial distribution of CEE in China, and they found that CEE
progressively declined in the east, central, and west, and that
the high CEE spatial clusters were mainly concentrated in
coastal regions. These findings corroborate the spatial auto-
correlation of CEE, which is the foremost attribute of geog-
raphy (Tobler 1970). Nevertheless, rarely have researches
accounted for geographical factors in discussing the CEE
of the YREB. As a result, this paper utilized geospatial data
and Moran’s [ index to characterize the spatial distribution
of CEE in the YREB.

According to previous studies, TI is regarded as a signifi-
cant factor in enhancing CEE. Its fundamental function is
to enhance economic flexibility, promote energy efficiency,
and decrease the costs of carbon abatement (Du et al. 2022a,
b). In general, existing studies on TI primarily consist of
three types, that is, the influencing factors, its performance,
and its impact on CO, emission mitigation. Firstly, scholars
have broadly categorized the influencing factors of TI into
three aspects (i.e., enterprise factors, MA, and GS). Wu et al.
(2022) explored the impact of government subsidy policies
and businesses’ decisions relating to low-carbon TI in the
carbon market trading system. Secondly, in terms of perfor-
mance, previous studies primarily focused on business per-
formance and energy efficiency performance. For example,
Cai and Li (2018) investigated the relationship between eco-
innovation and business performance based on 442 Chinese
firms. Sun et al. (2021) investigated the spillover effect of
TI on energy efficiency in 24 innovative countries. Thirdly,
numerous emerging studies have focused on the impact
of TI on CO, emissions abatement (Shahbaz et al. 2020).
With the advent of the knowledge-based economy, many

academics have begun to recognize the significance of TI
in reducing carbon emissions and improving environmental
performance (Liu et al. 2022). The effect of TI on CEE can
be calculated by utilizing analytical methods, including the
quadratic assignment procedure (QAP) regression (Wang
and Yao 2022), the Tobit model (Zhu et al. 2021), the panel
two-way fixed-effects model (Xu et al. 2021), and the spatial
economic model (Sun et al. 2021). For instance, Lin and Ma
(2022) utilized the fixed-effects model with Driscoll-Kraay
standard errors (Driscoll and Kraay 1998) to address the
issue of cross-sectional correlation and then explored the
impact of different channels of TI on CO, emissions. Awa-
woryi Churchill et al. (2019) applied nonparametric panel
data models to investigate the effect of R&D intensity on
CO, emissions and found that R&D can curb CO, emis-
sions. Other researchers applied the spatial Durbin model
to estimate the spatial effect of TI on carbon intensity and
verified the technological diffusion effect (Gu et al. 2020).
However, there is no agreement in the existing literature
concerning the relationship between TI and CEE. On the one
hand, the positive view holds that TT has spawned numerous
patents and high-tech products, which contribute to higher
output per unit of energy consumption and enhance natural
resource utilization, thus lowering energy consumption and
enhancing environmental performance (Zhang et al. 2017).
Some academics found that the decrease in CO, emissions
intensity in an area could have been caused by the promotion
of green TI in neighboring cities; that is, there is an obvious
spatial spillover of the carbon reduction effect of TI (Liu
et al. 2022). It appears that TI has enhanced clean production
and improved the effectiveness of carbon handling, thereby
lowering CO, levels (Liu et al. 2022; Xu et al. 2021). On
the other hand, TI does not only contribute to improving
energy efficiency and reducing carbon pollution, but it can
also expand economic scale, resulting in additional energy
consumption and pollution discharge (Acemoglu et al.
2012). The negative view indicates that TI activities may
deviate from the purpose of energy conservation and low-
carbon development and instead be a profit-driven behavior
in the short term, thus increasing CO, emissions (Yang and
Li 2017). Similarly, some representative views hold that TI
will trigger a “rebound effect” on CO, emissions (Kang et al.
2018; Lin and Zhao 2016). Specifically, TI lowers the cost of
fossil fuel extraction and increases energy efficiency, which
encourages producers to substitute fossil fuels for capital and
labor, resulting in serious carbon pollution (Yi et al. 2020).
Li and Wang (2017) developed a decomposition model to
investigate the dual effects of TI on CO, emissions, includ-
ing the intensity effect, which reduces carbon intensity, and
the scale effect, which scales-up economy. They suggested
that although TI contributes to the decrease in carbon inten-
sity, the sprawl of economic scale it causes may produce
additional CO, emissions and reduce CEE. This is consistent
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with the findings of Weina et al. (2016), supporting the
rebound effect of TI.

In studies concerning the relationship between TI and
CEE, the moderating role of GS and MA cannot be negli-
gible. Government subsidies can offset environmental costs
of firms and encourage them to undertake TI activities to
achieve environmental goals (Xie et al. 2019). It acts as a
significant factor in resolving market failures and usually
plays a signal effect in guiding companies to improve envi-
ronmental performance and increase CEE by utilizing TI
(Fischer et al. 2017; Dimos and Pugh 2016). As a result of
the “race to the top,” local government behavior may affect
surrounding governments (Xu et al. 2022a, b; Feng et al.
2021). Yet few studies have been conducted to investigate
the spillover effect of the interactive term of GS and TI.
Liang et al. (2022) analyzed the moderating role of govern-
ment subsidies on the relationship between TI and environ-
mental performance; the spatial spillover, nevertheless, was
not considered. In contrast, the spillover effect of MA has
been discussed by Shao et al. (2022), and they proposed that
the “ripple effect,” caused by infrastructure development and
increased factor mobility, can enhance TI in neighboring
regions (Zhu and Lee 2021; Dong et al. 2020), hence there
is positive spatial spillover of the interactive item of MA
and TI on CEE. Other literature on the impact of MA on
the relationship between TI and CEE has primarily consid-
ered the carbon trading market or supply chain perspectives.
Zhang et al. (2022a, b, c) suggested that although the carbon
trading market squeezed out corporate green TI inputs, it
reduced carbon emissions. Wei and Wang (2023) applied
game theory to explore alternative approaches to promote
green T, and they found that information sharing of market
demand can facilitate green TI. Nevertheless, the previous
literature is devoid of an explicit and comprehensive discus-
sion on the moderating role of GS and MA on the nexus
between TI and CEE.

While many studies have examined the effect of TI
on environmental performance, the impact of TI on CEE
moderated by GS and MA has rarely been considered, par-
ticularly in the YREB. This study investigated in further
detail the relationship between TI and CEE of the YREB
as affected by the moderating role of GS and MA from a
spatial perspective.

Technological innovation on carbon emission
efficiency

According to the classical Schumpeterian innovation the-
ory, TI creates a mechanism of “creative destruction” for
economic development (Schumpeter 1942). The impact of
TI on CEE differs among regions with different levels of
economic development. Owing to the different demands
at different stages of economic development, some studies
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have demonstrated that TI can curb CO, emissions in devel-
oped economies but increase them in developing economies
(Ibrahim and Vo 2021; Kumar and Managi 2009). Especially
in Northwest China, given its significant energy resources,
the supply chain of “dirty” energy hinders the transition
from traditional technology to clean technology. Moreover,
energy-based economic development consumes significant
quantities of fossil fuels, offsetting the reductions in pol-
lution emissions achieved by clean fuels (Ghoddusi and
Roy 2017). The YREB, as a significant underdeveloped
economic belt, has experienced massive energy resource
exploitation. While TI has enhanced the efficient utiliza-
tion of energy for economic development in the YREB, it
has resulted in environmental deterioration and lower CEE
(Mushtagq et al. 2020).

Increasingly, scholars have analyzed the spatial effects of
TI on CEE from the perspective of regional heterogeneity
(Wang and Zhu 2020). To be specific, the ability of differ-
ent regions to absorb and transform TI outcomes into low-
carbon products is different, resulting in different spillover
effects of TI on CEE across regions (Luan et al. 2019; Huang
et al. 2018). For underdeveloped regions, the mobility of
information and communication technology (ICT) is lim-
ited by infrastructure, and therefore the externalities of TI
may not be meaningful for these regions (Yang et al. 2021;
Jiao et al. 2018). Particularly, these regions are constrained
by the inertia development model; their TI is initially in a
phase of superior profit orientation and inferior environmen-
tal objectives. Mobility barriers inhibit the low level of TI’s
capability to generate spatial spillover effects on the CEE in
neighboring regions (Jin et al. 2022; Nie et al. 2021; Du and
Li 2019). Compared with other developed economic belts
in China, the TI capacity of the YREB has not developed
sufficiently to enter the technological diffusion period. It is
currently insufficient to exert spillover effects. Accordingly,
we proposed the following hypothesis:

H1: TI reduces local CEE, but it has no spatial spillover
effect on the CEE of surrounding areas.

Moderating role of government support

Externalities from TI activities may lead to a reduction in
businesses’ incentives to innovate when profitability objec-
tives are contrary to environmental targets (Wang 2018;
Zhang et al. 2017). Government fiscal spending is generally
regarded as the principal way to increase businesses’ motiva-
tion to utilize low-carbon technologies and to enhance the
sustainability of regional development, with the key factor
being to address the high R&D (research and development)
costs due to insufficient private investment and externali-
ties (Wu and Hu 2020). The government is therefore one of
the primary factors affecting TI capacity, according to the
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national innovation system theory (Wei and Wang 2023).
Numerous studies have investigated the government’s influ-
ence on innovation, highlighting the interactive effects of GS
and TI on CEE. For example, Bellucci et al. (2019) deter-
mined that GS is crucial for businesses to study and develop
innovative techniques. Yang and Xu (2019) identified that
GS can facilitate businesses’ objectives to invest in TI in the
recycling industry supply and encourage them to enhance
their innovation procedures in relation to carbon emission
reduction. In recent years, with respect to the dual carbon
target, government financial support has enhanced its focus
on innovations that align with national development targets,
such as renewable energy, energy-saving, and emission-
reducing technologies (Yuan et al. 2021). These innovation
projects, however, require long periods, while their profits
barely cover the costs of the business. As a result, with a
high level of GS, the inhibiting effect of TI on CEE will be
minimized.

The Chinese government’s role is fundamental in the
post-adoption stage of emerging TI. Particularly for under-
developed economic belts, sufficient government financial
support can encourage firms to utilize technology to enhance
innovation (Wang et al. 2019a, b), in particular for areas
(including the YREB) where there is a shortage of skills
and technological advantages. Nevertheless, compared with
other developed economic belts, the fiscal expenditure of
the YREB accounts for a lower share of the general national
public budget expenditure, which restricts the spillover effect
of its GS on the relationship between TI and CEE in neigh-
boring cities. Consequently, Hypothesis 2 was proposed as
follows:

H2: Local GS negatively moderates the relationship
between TI and CEE in the local area of the YREB,
but the interaction of GS and TI has no spatial spillover
effect.

Moderating role of marketization

Market development is critical, as it drives economic growth
and creates a favorable environment for TI (Shankar and
Narang 2020). Resolving environmental problems necessi-
tates focusing policies on the market (Doganova and Karnoe
2015). In the MA process, the market scale and price effect
are significant factors. The scale effect facilitates the transfer
of innovation resources to larger sectors (Gong et al. 2019),
which is conducive to the advantages of agglomeration. On
the other hand, the price effect guides the transfer of innova-
tion resources to low-cost sectors, resulting in price competi-
tion between businesses that causes the financing cost of TI
to be lowered, thus enhancing TI. As the market distributes
innovation factors proportionately, it facilitates the combi-
nation of economic and environmental benefits (Yu and Liu

2020; Li et al. 2019a, b), allowing for enhanced social out-
comes in terms of TI, which is also a new market-oriented
model (Yuan et al. 2021; Xiao 2016). Accordingly, under the
moderating effect of MA, the level of TI will rapidly reach
the inflection point of a U-shaped curve, thus boosting CEE.
The potential market space of the YREB is relatively
huge, and MA is a significant and fundamental factor in
resource allocation (Li et al. 2021a, b). On the one hand,
local businesses will be motivated by the market competition
mechanism and thus enhance their innovation efforts. On the
other hand, the government adapts its environmental policies
according to the requirements of the market environment in
order to mitigate negative externalities resulting from car-
bon pollution, which significantly enhances the flexibility
of businesses to invest in carbon-reducing innovations. It
also facilitates the transfer of low-carbon resources between
cities. Therefore, both its direct and spillover effects are con-
ducive to CEE in the YREB (Yuan et al. 2021). Based on the
above, this paper proposed the following hypothesis:

H3: Local MA negatively moderates the relationship
between TI and CEE in the local area of the YREB, and
neighboring MA positively moderates the relationship;
that is, both the direct and indirect effects of the interac-
tion between MA and TI contribute to CEE.

Research gaps

Here we identify the research gaps that our study would try
to fill. Firstly, following a review of the literature, numerous
academics have investigated the spatial spillover of CEE.
They have found a clear spatial correlation with CEE. How-
ever, these studies have primarily focused on a particular
industry, national level, or developed regions (Wang et al.
2023; Fan et al. 2022; Liu 2022; Gao et al. 2021), but failed
to investigate the spillover of CEE in the YREB (Gong et al.
2022; Zhou et al. 2022). Secondly, there is no agreement
on examining the spatial effect of TI on CEE (Yang et al.
2023; Xu et al. 2021). In the particular context of the YREB,
an underdeveloped economic belt, the role of TI on CEE
requires in-depth discussion, which is rare in extant stud-
ies. Thirdly, the literature on the moderating effect of GS
and MA on the relationship between TI and CEE is rela-
tively lacking at present. In the background of the organic
combination of government and market, it is necessary to
investigate the moderating role of GS and MA within the
TI-CEE relationship.

Therefore, to deal with these gaps, this is the first study to
explore the direct and spatial effects of TI on CEE in the YREB
and to consider the implications for the development of low-
carbon transformation in the YREB and other underdeveloped
economic belts. In particular, we attempt to introduce the moder-
ating effects of GS and MA for further discussion of the double
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effects, respectively. Based on the above analysis, Fig. 1 dem-
onstrates the research gaps and the influencing mechanisms of
TI affecting CEE.

Data and methods
Spatial autocorrelation test

Moran’s / is an effective indicator to identify whether the par-
ticular observation is exceptionally correlated with the obser-
vation of its neighboring locations. It is primarily categorized
into global Moran’s I and local Moran’s I, which are applied to
analyze spatial autocorrelation and spatial distribution model
separately. The global Moran’s I can be set as follows:

”;;Wz/‘(xi —X)(x;—X)
I =
;;Wii(xi -%)’

ey

where n is the number of sample cities. x; is the CEE in city
n

i, x= i 2 X, W, is the 0-1 adjacency weight matrix as
i=1

follows:

The global Moran’s / is a total indicator that represents
the heterogeneous level throughout the entire study area. In
contrast, the local indicator of spatial association (LISA)
chart can precisely visualize the spatial distribution char-
acteristic and the changing trend of each observation point.
The index can be calculated as follows:

1, iandjare adjacent
0, otherwise

@

=) Z W, (x; - %)

(x; - ;)2 =L

LISA, =
(3)

M=

1

There are five types of agglomeration in the LISA chart, such
as low-low cluster (L-L), high-low cluster (H-L), low—high clus-
ter (L-H), high-high cluster (H-H), and insignificant areas. H-H
and L-L clusters indicate that the CEE of a local city correlates
positively with that of neighboring cities. In contrast, the H-L
and L-H clusters indicate that CEE of a local city correlates
negatively with that of surrounding cities.

Model specification

Traditional regression models do not take spatial factors into
account. Based on the agglomeration theory, the spatial con-
centration of economic resources leads to a spatial devia-
tion of CEE from uniform diffusion (Wang and Zhu 2020).
Many scholars have proven that CEE is spatially clustered
and dependent (Li et al. 2019a, b; Chuai and Feng 2019). In
exploring regional CEE, ignoring spatial spillover effect may
lead to biased estimates (Hong et al. 2020). Our study, there-
fore, assumed that there was a spatial effect of CEE. After
a series of tests, such as the Hausman test, the LM test, the
robust LM test, and the combined LR test, we developed the
spatial Durbin model (SDM) under the individual and time-
fixed effect to confirm Hypotheses 1, as shown in Eq. (4).

LnCEE;, =p, + p,LnTl;, + p,LnGS;, + p;LnMA,, + p,LnControls;,
+ pWLnCEE,, + 0, WLnTI,, + 0,WLnGS,, + 6;WLnMA,,
+ 0,WLnControls;, + u; + A, + €,

“
where i denotes the city, t denotes the year. LnT1, represents
the TI index. LnGS;, refers to the level of GS. LnMA,, denotes
the MA degree. f§ is the coefficient of direct effect, O is the

Fig. 1 Research gaps and .
influencing mechanisms of TI Direct effect Local CEE
affecting CEE Research gaps ' _
Negative Negative
,,,,,,,,,l ,,,,,,,, Negai Moderating moderating
egative ffect
Lack of research on effect e
the spillover of
CEE in the YREB
Tland CEE | ™ Tohibitory or | 1| I GS MA
facilitative spatial
effect of TI on
CEE? ”
. an— Positive
The moderating significant Non- significant moderating
effects of GS and effect
MA . ) | [Neighbor
———Indirect effect ' CEE

@ Springer



Environmental Science and Pollution Research (2023) 30:63864-63881

63871

coefficient of indirect effect. y1; and 4, denote the time-fixed effect
and space-fixed effect respectively. ¢;, denotes the model error
item. W denotes the 0-1 adjacency weight matrix as Eq. (2).

In addition, this paper investigated the moderating effects
of GS and MA, i.e., tests H2 and H3, respectively. To address
the multicollinearity problem, we deducted their respective
means from the moderating variables, i.e., decentering pro-
cess. The spatial moderation model, including the interac-
tion terms of the core explanatory variable and decentered
moderating variables, is presented as follows:

LnCEE;, =fy + p,LnTI;, + p,C_LnGS;, + p;LnTI; X C_LnGS,,

+ p,LnMA;, + PsLnControls; + pWLnCEE,, + 6, WLnTI,,

5
+0,WC_LnGS,, + 0;WLnMA;; + 0,WLnTI;, X C_LnGS; )
+ 0sWLnControls; + p; + A, + €,
LnCEE;, =fy + p,LnTI;, + p,C_LnMA;, + pLnTI;, x C_LnMA,
+ B4LnGS;, + PsLnControls;, + pLnCEE;, + 6, WLnTI,,
(©6)

+0,WC_LnMAA,, + 0;WLnTI,, x C_LnMA,, + 0, WLnGS,

+ 0sWLnControls;, + p; + A, + €,

where c_LnGS;, and c_LnMA;, represent the decentered mod-
erating variables. LaTl, X c_LnGS;, and LnTI, X c_LnMA,,
denote the interactive items of the moderating effects of GS
and MA on the relationship between TI and CEE, respec-
tively. The other parameters are in accordance with the above.

Nevertheless, it is difficult to precisely determine the
marginal effect of TI on CEE simply by regression coef-
ficients. Consequently, the decomposition model is high-
lighted. Based on the study of Elhorst (2010), the total
spatial spillover effect can be decomposed into direct
and indirect effects by utilizing calculus to avoid the bias
caused by point estimation methods. After differentiat-
ing the independent variables of the above equations, the
decomposition equation is as follows:

Yit = (I - pW)_l (Xizﬁ + WX”Q) + (1 - /’W)_lﬂi

- _ @)
+ (1, = pW) " 4+ (I, — pW) e,

where Yit denotes a dependent variable and Xit denotes independ-
ent variables. The remaining variables have the same meaning
as in the above equations. The bias matrix is then derived from
the partial derivatives of the independent variables as follows:

m o

ox,, Xy,
aY % aY | _
aX;, Xy
My Yy
ox,, Xy,
L @pd e Oy A (8)
Wy A, @ HEOPYS
=(1 —pW)7I 21% 1 2Nt
Oy A Oy &

where the average of diagonal components denotes a direct
effect, while the average of non-diagonal components
denotes an indirect effect.

Variables selection
Explained variable

The super-SBM with undesirable outputs model (Tone 2001)
is utilized to estimate CEE. In essence, the super-SBM-
undesirable model is an evaluation system of multi-inputs
for the production of desirable outputs and undesirable out-
puts, as defined below:

1 xm X
o il

=1

1 ooy ooy
— + —_—
r+r, <ZI7=1 y‘p’k Zq:l Yok
n
s. 1. Z XA <X

J=1j#k

n
d -d
Z Yok 2V
j=1j#k

n
u =u
Z Yghi SV
=LAk

Ap>0,%> x5 <yl >y

¢* =min

©))

where @* refers to the value of CEE that can be larger than 1.
For a specific assessment unit, when @*> 1, the assessed unit
is efficient. When @*< 1, however, the assessed unit is ineffi-
cient, implying that the input—output should be enhanced. x;,,
ypkd, and y,," are input factors, desirable outputs, and undesir-
able outputs, respectively. 4; stands for a weight vector.

As per previous studies, the input factors included capital
stock (fixed assessment investment calculated by perpetual
inventory method), labor force (the number of urban employ-
ees at the end of the year), and energy consumption (primary
energy consumption). The desirable output factor was GDP
(real GDP at constant 2006 price). The undesirable output
factor was CO, emissions, which was measured by the top-
down computation method proposed by Chen et al. (2020).
In reality, the provincial CO, emissions data was estimated
based on the carbon conversion coefficient (IPCC 2006) by
Formula (10) first, and then the prefecture-level CO, emis-
sions were calculated according to the nighttime light data.
Table 1 displays the indicators employed to estimate CEE.

CO, = Y (E;x F;x 44/12) (10)
i=1

where i denotes the index of energy, i=1, 2, ....n; E, repre-
sents the consumption of energy i; F; represents the carbon

@ Springer



63872

Environmental Science and Pollution Research (2023) 30:63864-63881

Table 1 Indicators for measuring CEE

Table 2 Descriptive statistics of the variables

Category Indicators Unit Variables Obs  Mean S.D Min Max
Input Capital stock Billion yuan Capital 784  5585.041 5942.615  192.662 45,084.560
Labor force Million person Labor 784 40.224 34.457 4.84 211.314
Energy consumption Million ton Energy 784 168.441 197.075 1.093  1583.887
Desirable output GDP Billion yuan GDP 784 1222.158 1131.27 51.93 8148.773
Undesirable output CO, emissions Million ton CO, 784 952.407  1085.006 8.305 9710
LnCEE 784 —-0.1 0.396 -1.671 0.293
LnTI 784 0.045 1.868 -3912 4.643
emissions coefficient of energy i; 44/12 is the mass rate ~ LnGS 784 14.344 0795 12303 16.219
applied to transform carbon into an identical quantity of CO,. ~ LnMA 784 —0.358 0593 -1.77  0.988
LnPGDP 784 10.186 0.732 8.281 12.009
LnP 784 5.728 0.659 3.872  6.988
Core exp'anatory variables LnFDI 784 9.056 5.892 —4.605 14.824
LnUR 784 3.812 0.391 2.516  4.549

TI can enhance economic outputs and enhance energy efficiency,
hence affecting CEE. TI indicators can be classified into two
types: input indicators and output indicators. The former denotes
inputs in the innovation process, such as research and develop-
ment (R&D) spending. They have been extensively applied as
surrogate variables to evaluate the innovation efforts in previous
research. This data, however, failed to propose any specific cor-
relation with innovation outcomes. However, output indicators
(e.g., patents), which focus on the results of TI, have become
accepted as an indicator of TI in mainstream research. Therefore,
this paper utilized the patent value calculated by applying the pat-
ent renewal model as TI indicator (Kou and Liu 2020).

Moderating variables

GS is one of the factors affecting TI outcomes and is fun-
damental in the financial support of knowledge production.
Consequently, this paper utilized the ratio of government
financial expenditure to total GDP in order to calculate the
degree of GS. MA is another significant factor affecting pri-
vate R&D and demand-oriented CEE. As previous studies
have concluded, the ratio of the number of private and self-
employed individuals in the area to the number of employed
individuals indicated the level of MA. Furthermore, to avoid
the estimation bias resulting from multicollinearity, the mod-
erating variables were decentered before calculating interac-
tion items.

Control variables

In addition to the moderating and core explanatory variables, a
number of other factors that may have a significant impact on
the research variables were considered in this study, including
economic development (PGDP), population (P), urbanization
(UR), and foreign direct investment (FDI), which were calcu-
lated by per capita GDP, the total population at the end of the
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year, the ratio of urban population to total population, and the
ratio of real foreign direct investment to local GDP.

Data source

The study area for this paper included the 66 prefecture-level
cities of the YREB (as defined in the Encyclopedia of Yellow
River Culture) (Li 2000). As data is deficient for some states
and cities, this paper utilized data relating to 56 prefecture-
level cities in the YREB scanning for the period from 2006 to
2018. The socioeconomic data was sourced from the follow-
ing books: China Regional Statistical Yearbook, China Urban
Construction Statistical Yearbook, and China Energy Statistical
Yearbook. In particular, the nighttime light data was sourced
from the National Geophysical Data Center (NGDC), a divi-
sion of the National Oceanic and Atmospheric Administration
(NOAA) (https://www.ngdc.noaa.gov/eog/download.html). In
addition, the carbon emission coefficients were sourced from
the Intergovernmental Panel on Climate Change (IPCC). The
descriptive statistics of variables are presented in Table 2.

Empirical analysis and results
Spatial autocorrelation analysis

The global Moran’s I of LnCEE is 0.114 and under the
1% significance level, indicating the existence of sig-
nificant spatial autocorrelation characteristic of CEE
in the YREB in the period 2006 to 2019. Furthermore,
this paper applied Geoda to map the LISA cluster chart
(Fig. 2), clarifying the spatial autocorrelation distribution
of CEE under the 5% significance in the YREB. In sum-
mary, H-H-type clusters displayed a lock-in effect, while
L-L-type clusters displayed a spillover effect. The former
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is primarily concentrated in Yan’an, Linfen, and Yulin,
and later transferred to other small areas such as Heze,
Kaifeng, and Jiaozuo, where the overall spatial pattern
was relatively solid. Conversely, the latter is primarily
centered on the western areas, including Wuwei, Xining,
and Baiyin, gradually expanding to wider regions such as
Changzhi, Ordos, Baotou, Wuzhong, Yinchuan, and Shi-
zuishan. In summary, the overall range of H-H type and
L-L type clusters is expanded during the sample period,
indicating an enhanced spatial autocorrelation of CEE in
the YREB. Both H-L-type spatial clusters and L-H-type
spatial clusters represent negative spatial correlation. The
spatial pattern of CEE demonstrated gradient distribu-
tion and the Matthew effect. The L-L agglomeration was
significant in enhancing the spatial evolution of CEE but
did not entirely alter the unevenness of CEE, similar to
the findings of Zhang et al. (2022a, b, c) concerning the
Yangtze River Economic Belt.

Baseline regression analysis and spillover effect
decomposition

According to the results of the “Spatial autocorrelation anal-
ysis” section, CEE exhibited significant spatial correlation,

Fig.2 Spatial agglomerations of CEE

but the influencing effect of TI and the existence of its spa-
tial spillover effect cannot be accurately determined. This
study, therefore, conducted baseline regression to investi-
gate the specific impact mechanisms of TI on CEE. For the
purpose of determining the suitable regression model, this
study first performed a Hausman test to identify whether to
select a fixed-effect model or a random-effect model. The
original hypothesis was that there was no individual effect
associated with the regression variables, but the Hausman
test results rejected this original hypothesis and satisfied
the significance test, and as a result, the fixed-effect model
was utilized. In addition, the combined LM tests of LM-lag,
robust LM-lag, LM-error, and robust LM-error in all mod-
els were for the residuals according to the OLS regression
that was conducted, which indicated that spatial econometric
analysis ought to be preferred. Finally, the likelihood ratio
(LR) tests were undertaken to validate whether SLM or SEM
was nested in the SDM and whether the time-fixed model
or individual-fixed model was nested in the double-fixed
model, and the results indicated that the SDM model under
the individual and time fixed effect was more appropriate
to this study.

Model 1 in Table 3 was applied to validate H1. The esti-
mated coefficient of LnTI was —0.063 and significant at 5%

W High-High
[ High-Low
[ Low-High
B Low-Low

[ I Not Significant
"I No Data
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level, indicating TI exerted a significant negative effect on
local CEE. The coefficient of W*LnTI was 0.003 but insig-
nificant, suggesting that TI in surrounding cities had no
influence on the local city. Therefore, the enhancement of
TI lowered CEE of the local area but did not affect CEE of
surrounding areas in the YREB. H1 is therefore supported.

In addition, this paper separated the effects of explanatory
variables on CEE into direct, indirect, and total effects. The
direct effect of LnTI on LnCEE is—0.062 and at 5% signifi-
cance level, which means that the higher the TI, the lower the
local CEE. This outcome was consistent with the observation
that TI had a negative effect on CEE (Lin and Ma 2022). The
indirect effect of W*LnTI on LnCEE was insignificant, indicat-
ing that the TT of the neighboring cities had no spatial spillover
effect on the CEE in a local city. Considering the present con-
dition of the YREB, these results can be explained as follows:
Firstly, in contrast to developed economic belts, the YREB is
economically backward. Enterprises in the YREB do not focus
sufficiently on low-carbon innovation, and their TT is too low
and insufficient to generate spillover effects. Secondly, produc-
tion activities in the YREB are significantly influenced by its
abundant energy resources, and TI is conducive to reducing
energy costs and enhancing economic progress, thus raising
energy consumption and generating a “rebound effect.” This
finding has been mentioned elsewhere (Behera and Dash 2017,
Yang and Li 2017; Lin and Zhao 2016). Howeyver, these stud-
ies focused on developed regions, and this paper was the first
to focus on the rebound effect of TI in the YREB. At the same
time, TI activity itself also generates a certain amount of carbon

emissions, which results in a decrease in CEE. In previous stud-
ies by Acemoglu et al. (2012), TI was classified as clean and
dirty technology that had a path-dependent effect. The eco-
nomic development of the YREB required and was dependent
on fossil fuels, resulting in an energy-intensive industrial system
(Lin and Ma 2022). It relied on high-carbon TI for manufactur-
ing development. Numerous regions in the YREB are therefore
likely to be highly reliant on their current high-carbon TI sys-
tems, resulting in lower CEE. On the other hand, the results
of this study in connection with TI spillover differ from other
studies (Yang et al. 2023; Lu et al. 2018; Li et al. 2021a, b).
The spillover effect of TI on CEE in the YREB was found to be
insignificant, which can also be inferred from the study by Luan
etal. (2019). In particular, it could be caused by the fact that the
investment intensity and intellectual property protection capac-
ity in the YREB have not yet developed sufficiently, resulting
in a limited ability to absorb TI from neighboring regions is
limited (Yang et al. 2021; Hao et al. 2021), thereby determining
an absence of spillover effect of TI on CEE in the YREB. These
findings further validate H1.

Furthermore, GS in a local city has a significant posi-
tive direct effect on local CEE. However, its indirect
effect on CEE is insignificant. This indicates that gov-
ernment financial support is beneficial to the increase of
local CEE but has no spillover effect. Unlike GS, both the
direct and indirect effects of MA on CEE are significantly
positive, indicating that the enhanced MA of a particular
city can improve CEE not only of its own, but also of
neighboring cities.

Table 3 Baseline regression

> Variables Main WxX Direct effect Indirect effect Total effect
analysis

LnTl —0.063%* 0.003 —0.062%%* 0.004 —0.058
(—2.061) (0.043) (—=1.961) (0.074) (—0.959)

LnGS 0.154%* 0.134 0.148%* 0.131 0.279%%*
(1.783) (0.898) (1.769) (0.930) (2.002)

LnMA 0.114%** 0.151%** 0.114%** 0.139%** 0.253%%**
(5.307) (3.488) (5.529) (3.469) (5.802)

LnPDGP 0.609%* —0.41 1% 0.618*#* —0.439%#:k* 0.179
(6.470) (—2.758) (6.639) (—3.034) (1.399)

LnP (0.8237%#% 0.313 0.823%# 0.266 1.089%*
(3.466) (0.644) (3.578) (0.559) (2.214)

LnUR —0.168%#* —0.097 —0.164%%* —0.090 —(.254%#:%%
(=3.031) (—0.988) (—2.986) (-0.974) (-2.618)

LnFDI 0.003 0.009 0.003 0.009 0.012%*
(1.001) (1.598) (0.922) (1.598) (1.860)

rho —0.090*

sigma2_e 0.044 %

R-squared 0.119

Observations 784

The values in parentheses are z-statistics. *** indicates p<0.01, ** indicates p <0.05, and * indicates

p<0.1
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Analysis of the moderation effect

The effects of TI, GS, and MA on CEE can be identified
separately in the empirical analysis of the previous section.
In contrast to Table 3, the interactive terms are added to ana-
lyze whether or not there exist moderating effects of GS and
MA, respectively. Specific results are exhibited in Tables 4
and 5.

Whether or not TI still had an increasing effect on CEE
as a result of the influence of GS, the results in Table 4 indi-
cated the absence of this effect. The interactive effect of
local GS and TI is significantly positive, indicating that the
negative effect of TI on CEE is inhibited by the moderating
effect of GS in a local city. This result is in line with the
previous study by Chen and Hu (2018), which found that
government subsidies can provide incentives for manufactur-
ers to improve their TI for carbon reduction but inconsist-
ent with the conclusions by Shahbaz et al. (2020) that GS
results in increased CO, emissions. When considering the
surrounding situation, nevertheless, the interaction between
GS and TI had no indirect effect on CEE. Therefore, there is
no effect caused by the interaction between surrounding GS
and TT on local CEE. This result had not been discussed in
the previous literature. In addition, the interaction between
GS and TT had a total effect on the CEE of the YREB, but it
was weaker than its direct effect, as the positive direct effect
was partially offset by an insignificant indirect effect. This

was inconsistent with the comparison between the direct
effect of GS and its total effect. The indirect effect of GS
was insignificantly positive, and its total effect was greater
than its direct effect, indicating that GS had a greater impact
on CEE of the entire YREB compared with the city in which
it is located. These findings verified H2.

Table 5 demonstrates how MA affected the enhance-
ment effect of TI on CEE. The direct effect of the interac-
tion between TI and MA was significantly positive, indicat-
ing that the inhibitory effect of TI on CEE was negatively
affected by MA in the local city. This was inconsistent with
the finding of Sha et al. (2022) that market opening was con-
ducive to green innovation, thus enhancing environmental
performance. Similarly, the indirect effect of the interaction
between TI and MA was also significantly positive, indicat-
ing that there was a significant synergy between neighbor
MA and TI to enhance local CEE. This result was similar
to the study by Shao et al. (2022), which indicated that the
market demand for local green TI had positive spillover in
surrounding areas. By comparison, the indirect effect of the
interaction between TI and MA was greater than its direct
effect, owing to MA enhancing the liquidity of innovation
factors, resulting in them transferring to regions with utiliza-
tion advantages (Yuan et al. 2021; Zhu and Lee 2021; Tang
et al. 2021). Therefore, TI can play a more significant effect
in CEE in surrounding cities. In addition, the total effect of
the interaction between MA and TI was positive, and the

Table 4 The moderating results

” = Variables Main WxX Direct effect Indirect effect Total effect
of GS for the relationship
between Tl and CEE LTI —0.059* —0.014 —0.058* —0.005 —0.062

(—1.942) (-0.218) (—1.835) (=0.078) (—1.005)

c_LnGS 0.161* 0.145 0.155%* 0.133 0.288%*
(1.889) (0.967) (1.875) (0.937) (2.024)

LnTIx c_LnGS 0.027%#* —0.003 0.028*#* —0.006 0.0227%*
(4.012) (-0.302) (4.269) (-0.592) (2.299)

LnMA 0.122%#* 0.165%#* 0.119%#* 0.152%#* 0.271 %%
(5.732) (3.852) (5.719) (3.626) (5.954)

LnPDGP 0.584 % —0.307%* 0.591 % —0.3387%* 0.254*
(6.185) (-2.059) (6.552) (—2.385) (1.891)

LnP 0.480%* 0.464 0.478%* 0.430 0.908*
(1.921) (0.932) 1.977) 0.911) (1.865)

LnUR —0.1327%* -0.119 —0.130%* -0.110 —0.2407%#*
(—2.375) (-1.215) (—2.267) (—1.203) (—2.610)

LnFDI 0.003 0.006 0.002 0.005 0.008
(0.817) (0.986) (0.766) (0.920) (1.225)

rho —0.087*

Sigma2_e 0.043%#*

R-squared 0.112

Observations 784

The values in parentheses are z-statistics. *** indicates p<0.01, ** indicates p <0.05, and * indicates

p<0.1
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Table 5 The moderating results

X . Variables Main WxX Direct effect Indirect effect Total effect
of MA for the relationship
between Tl and CEE LaTI —0.068%* —0.048 —0.066** -0.033 —0.099

(—2.258) (=0.721) (=2.104) (—0.543) (—1.626)

c_LnMA 0.125%3* 0.159%:#* 0.12] %% 0.136%** 0.256°%#*
(5.867) (3.717) (5.863) (3.519) (5.979)

LnTIX c_LnMA 0.03 1% 0.0607%** 0.03 1% 0.051 % 0.082°%#*
(2.920) (2.782) (3.027) (2.718) (4.007)

LnGS 0.165* 0.156 0.161* 0.136 0.297%*
(1.941) (1.052) (1.909) (0.928) (2.120)

LnPDGP 0.593 % —0.367%* 0.604 % —0.407#%* 0.197*
(6.310) (=2.461) (6.501) (-3.079) (1.659)

LnP 0.685%** 0.020 0.694 % -0.033 0.661
(2.868) (0.041) (2.940) (-0.073) (1.401)

LnUR —0.142%% —0.062 —0.141%* —0.048 —0.189%*
(-2.570) (—0.636) (—2.446) (—0.530) (=2.078)

LnFDI 0.004 0.009 0.003 0.008 0.011*
(1.121) (1.551) (1.041) (1.461) (1.937)

rho —0.117%*

sigma2_e 0.043%3*

R-squared 0.144

Observations 784

The values in parentheses are z-statistics. *** indicates p<0.01, ** indicates p <0.05, and * indicates

p<0.1

total effect of the interaction was greater than the direct or
indirect effects, indicating that MA has the greatest inhibi-
tory role on the negative effect of TI on CEE in the entire
YREB. These findings verified H3.

Conclusion and policy implications

As a result of the dual carbon target, the Chinese govern-
ment has attached increasing importance to the contribution
of TI (Lin and Ma 2022). To explore the impact of TI on
CEE in the YREB, this paper employed a spatial analysis
method and utilized data from 56 cities for the period 2006
to 2019. In particular, this paper focused on the moderat-
ing effects of GS and MA from a spatial perspective. This
research was the first to explore the interactions by which TI
can contribute to solving carbon pollution issues in under-
developed economic belts. In particular, under the dual role
of government and market, the moderating effects of GS
and MA on the relationship between TI and CEE and their
spatial effects were analyzed, and this perspective had not
previously been extensively studied in the YREB. This study
analyzed the impact of TI on CEE in one underdeveloped
region, providing an empirical reference to guide govern-
ment and market in encouraging the green transformation
of TI. Furthermore, it also considered the moderating effect

@ Springer

from a spatial perspective, enriching the study of moderating
mechanisms in spatial economics theory.

This paper’s conclusions indicated that (1) CEE of the
YREB had a positive spatial autocorrelation characteristic.
High-high clusters exhibited a lock-in effect, while low-low
clusters exhibited a spillover effect. In summary, the total
area of high-high clusters and low-low clusters expanded
from 2006 to 2019. (2) When the moderation effect was
excluded, local TI had a negative effect on CEE. However,
neighboring TI had no significant effect on local CEE. (3)
When considering the effect of GS, this converted into a
positive effect. Nevertheless, this effect remained insignifi-
cant for neighboring cities. (4) For both the local city and
the surrounding cities, the moderation role of MA had an
inhibitory effect on the negative impact of TI on CEE, and
the interactive effect of MA and TI was significantly positive
on CEE. Based on the findings of this study, the following
policy recommendations have been provided for the YREB
to tackle carbon pollution and encourage low-carbon TI,
thereby promoting CEE:

Firstly, it is important to further encourage TI activities
which focus on clean production in the YREB, as well as
enhance the promotion and application of patented prod-
ucts, thus gradually replacing “dirty” technology (Xie et al.
2021). Simultaneously, cities with a high level of CEE
should utilize the spillover effect to encourage low-carbon
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development in neighboring cities, while cities with a low
level of CEE should undertake green TT activities to prevent
carbon diffusion.

Secondly, given that TI is not entirely conducive when
it comes to improving CEE, this “rebound effect” issue can
be prevented by applying government financial aid. Particu-
larly for numerous energy-dependent and high-pollution
businesses, governments in the YREB should focus on their
financial support. This could be “green research subsidies”
that are directed at TI activities for low-carbon patents and
beneficial to relieving the pressure on these businesses.
Moreover, the government should target capital configura-
tion according to the local situation, in order that the capital
can accurately be supplied to the green TI sector and trans-
ferred into the low-carbon development of the surrounding
areas.

Thirdly, it is important to encourage MA and also to
undertake market-oriented reform for low-carbon develop-
ment. The YREB should utilize the experience from devel-
oped economic belts and permit the market to participate in
the configuration of innovation resources. With respect to
MA, the pricing system relating to innovation outputs and
carbon emission rights should be optimized. Furthermore,
for cities with low CEE, low-carbon innovation support
should be encouraged to avoid a disproportionate focus on
economic growth at the expense of the environment. This
could be achieved by encouraging the market, improving
the market pricing of innovation resources, and attracting
superior innovation resources from neighboring regions.

While this paper has progressed the issue of examin-
ing the moderating effects of GS and MA on the relation-
ship between TI and CEE, there remain certain limitations,
which may also be an issue for future investigation. While
this study was solely empirical, the existence of the theo-
retical mechanism of the negative relationship between TI
and CEE in the YREB is equally significant. Hence, sub-
sequent research could consider the development of theo-
retical models to explain the empirical results of this study.
Furthermore, there is a significant transition period from
patent launch to patent commercialization spillover, and the
time lag of technology spillover has not been considered.
Further significant results could be determined by including
the time delay in technology spillover. Finally, owing to data
availability constraints, this study utilized the patent value
calculated by the patent renewal model as a TI indicator.
In the future, a “green patent value” could be calculated to
further explore its impact on CEE.
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