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Different from the previous studies that mainly focus on the environmental and
economic benefits of the total R&D, we specifically focus on the R&D activities in
the energy field, namely, energy-saving R&D in this study, and explored the spatial
impacts of energy-saving R&D on urban carbon emission performance and its
internal transmission mechanisms for the first time. The heterogeneity analysis
from the perspectives of different-types of R&D and different urban groups were
also conducted. Results indicate that: Energy-saving R&D has obvious promoting
effect on the improvement of urban carbon emission performance, among which
the utility-type energy-saving R&D plays a more important role than the
invention-type R&D. Energy-saving R&D promotes urban carbon performance
mainly through the transmission mechanism of technical effects, while structural
effect and urbanization effect negatively affects carbon emission performance
due to the existence of energy rebound. Furthermore, there exists significant
spatial spillover effects of energy-saving R&D on urban carbon emission
performance, and economic factors play a more important role in this spatial
effect. In addition, the impact of energy-saving R&D on carbon emission
performance has obvious urban group heterogeneity. Finally, we proposed
several policy suggestions based on the main conclusions of this study.

energy-saving R&D, urban carbon emission performance, heterogeneity analysis,
mediating effect, China

1 Introduction

The rising global temperature has become a major concern for human community in
recent years (Bilgili et al., 2021; Kugkaya, 2022). Carbon dioxide, as the main factor causing
temperature rise, is considered the key to addressing global climate change issues by
reducing its emissions. To jointly solve these problems, countries around the world made
their own carbon reduction commitments at the United Nations Climate Change
Conference held in 2015. As a big carbon emitter and energy consumer, China has
taken active actions to reduce carbon emissions and proposed the goal of “Carbon
peaking by 2030 and Carbon neutrality by 2060". The achievement of this goal requires
all sectors and subjects of the economy to take effective measures to reduce carbon dioxide
emissions and improve their carbon emission performance.
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As an important pillar of China’s future economic growth, the
low-carbon and green development of urban community is of great
significance to the realization of the “double carbon” goals (Fang
etal, 2023a). In light of this, increasing attentions have been given
from academia to the exploration of the driving factors that
contribute to improving urban carbon emission performance in
recent years. A number of studies have examined the various
drivers of carbon emission performance from different insights,
including economic growth (Schroder and Storm, 2020; Yang and
Zhao, 2023), energy efficiency (Bilgili et al., 2023; Lu et al., 2023),
foreign direct investment (FDI) (Zhu et al., 2016; Song et al., 2021),
internet development (Lin and Zhou, 2021; Pan et al, 2023),
corporate governance (Ferrat, 2021; Lv et al., 2021), and digital
economy (Zhang et al., 2022; Zhao et al., 2023). However, it is
worth noting that there is a scarcity of studies that have specifically
examined the potential impacts of domestic research and
development (R&D) activities, particularly in the energy field,
on the improvement of urban carbon emission performance. As
an important driving force of the energy-saving technology
progress and innovations, energy-saving R&D has an important
impact on the improvement of urban carbon emission

performance. Besides, a limited number of studies have
examined the heterogeneous impacts of different-types of R&D
activities (i.e, utility-type and invention-type) on carbon
emissions performance (Lee and Min, 2015; Alam et al., 2019).
Considering the purpose of the different functionally-oriented
R&D activities varies from each other (CNIPA, 2020), they
might produce different environmental outcomes in relation to
the improvement of carbon emission performance. However, these
aspects are often ignored in the existing studies. Therefore, it is
necessary to systematically investigate the potential impacts of
energy-saving R&D and its heterogeneity on urban carbon
emission performance.

Energy-saving R&D may bring three effects on urban carbon
emission performance (i.e., technical effect, structural effect, and
urbanization effect) (Lee et al., 2015; Churchill et al., 2019). First,
the technological progress and innovations brought about by
energy-saving R&D can help to improve energy utilization
efficiency of enterprises, reduce energy resource waste, and
thereby

contributing to the improvement of urban carbon emission

enhance the efficiency of production factors,
performance (Fang et al, 2024). This effect is defined as the
effect” of Second, the

technological innovations of energy-saving R&D facilitate the

“technical energy-saving R&D.
transformation of production from low value-added and heavily
polluting industries to high-value-added and environmentally
friendly industries, thereby reducing the share of pollution-
intensive industries in the overall economic structure, which is
conducive to the improvement of urban carbon emission
performance (Kocak and Ulucak, 2019; Yu et al., 2022). This is
defined as the “structural effect”. However, it is worth noting that
due to the existence of the energy rebound effect, energy
consumption and output growth of energy-intensive industries
may grow faster than that of other industries, thus increasing the
share of energy-intensive industries’ output in the overall
economic output, which results in a reduction of urban carbon
emission performance (Alam et al., 2021). Therefore, the net effect
of structural effects on carbon emission performance is uncertain,
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and further empirical verification is needed. Third, the rigid
demand for energy consumption and corresponding carbon
emissions generated from the urbanization process may weaken
the carbon reduction effect of energy-saving R&D (Xu et al,
2021a), this is defined as the “urbanization effect”. On the other
hand, the economies of scale brought about by urbanization are
conducive to promoting the carbon reduction role of energy-
saving R&D (Jiao et al, 2018). Therefore, the direction of
to be
examined. In summary, energy-saving R&D indirectly affects

“urbanization effect” is uncertain and still needs
urban carbon emission performance mainly through the
transmission mechanisms of technical effect, structural effect,
and urbanization effect. The technical effect can help improve
urban carbon emission performance, whereas the net effects of
structural effect and urbanization effect are uncertain and further
empirical research is needed to clarify the wunderlying
influence mechanism.

Accordingly, to fill the above research gaps, we systematically
investigated the impacts of energy-saving R&D on urban carbon
emission performance based on a panel dataset of 218 prefecture-
level cities in China. The main contributions of this study are as
follows. Firstly, different from the previous studies that mainly focus
on the total R&D (Churchill et al., 2019; Petrovi¢ and Lobanov,
2020), we specifically focus on the R&D activities in the energy field,
namely, energy-saving R&D, and explored the potential impacts of
energy-saving R&D on urban carbon emission performance and its
internal transmission mechanisms for the first time. This is of great
significance in accurately identifying the specific impacts of R&D
activities on carbon emission performance, and offers new insights
into providing more targeted policy recommendations to strengthen
the carbon reduction role of energy-saving R&D. Secondly, we
creatively examined the heterogeneous impacts of the different
functional-oriented R&D (i.e., utility-type and invention-type) on
urban carbon emission performance, rather than taking R&D as
uniform (Lee and Min, 2015; Alam et al., 2021). This is much more
helpful for better understanding the actual impacts of energy-saving
R&D on carbon emission performance, and provides practical
references for decision-makers to formulate insightful schemes to
improve urban carbon emission performance from the perspectives
of energy-saving R&D. To fill this research gap, we further explored
the spatial effects of energy-saving R&D on urban carbon emission
performance for the first time by constructing the spatial weight
matrices of geographic and economic. This not only can provide
new insights into improving carbon emission performance from the
aspects of the spillover effects of energy-saving R&D, but also can
help government officials and policymakers formulate targeted
strategies and policies to enhance the role of energy-saving R&D
in carbon reduction.

The remaining part is organized as follows. Section 2 provides
the literature review on the driving factors of carbon emission
performance and energy-saving R&D. Section 3 introduces the
econometric model and data sources. In section 4, we carry out
the benchmark estimation and robustness check. Section 5 displays
the mechanism analysis. In section 6, we further discuss the spatial
impacts and urban group heterogeneity of energy-saving R&D on
carbon emission performance. Last section provides the main
conclusions of this study and corresponding policy suggestions.
The specific research framework of this study is shown in Figure 1.
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Research framework of this study. Fig.1. The research framework of this study.

2 Literature review

2.1 Studies on the influencing factors of
carbon emission performance

As the global climate continues to warm, the imperative to
reduce CO, emissions, the leading cause of climate change, has
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become a pressing concern on a global scale (Fang et al., 2023b;
Magazzino et al., 2023). In light of this, improving carbon emission
performance has become an important task for local governments
and enterprises in countries worldwide. In response, the exploration
on the influencing factors of carbon emission performance has
attracted increasing attentions from academia in recent years. A
number of meaningful studies have examined the drivers of carbon
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emission performance from different insights, including new-type
urbanization (Cui and Cao, 2023; Zhang et al, 2023), energy
2022; 2023),
development (Lin and Zhou, 2021), foreign direct investment
(FDI) (Song et al, 2021; Yue et al., 2023), development zones
(Chang et al., 2020; Gao et al.,, 2023), and corporate governance
(Narsa Goud, 2022; Oyewo, 2023). To be specific, on the basis of a
panel data from 283 Chinese cities over 2006-2019, Chen et al.
(2023) investigated the impact of new urbanization on the carbon

efficiency (Li et al, Bilgili et al, internet

emission performance and found that new-type urbanization
contributes to the improvement of urban carbon emission
performance, and this effect is more powerful in the later stage
of new-type urbanization construction. The study indicates that
new-type urbanization impacts carbon emission performance
mainly through the transmission mechanism of economic
agglomeration effect, government leading effect and resource
allocation effect. Research results of Cui and Cao (2023) and
Zhang et al. (2023) also came to similar conclusions by studying
the panel data of prefecture-level cities in China.

Besides, scholars also examined the influences of development
zones on carbon emission performance. For example, based on a
panel dataset of 182 Chinese prefecture-level cities from 1997 to
2017, Gao et al. (2023) investigated the impact of development zones
on carbon emission performance. Their research results show that
the establishment of development zones has a positive impact on
carbon emission performance, and this effect is more significant in
the eastern large cities or coastal cities due to the mature economic
foundation and preferably business environment of these cities.
Similarly, Chang et al. (2020) also discovered a positive effect
from development zone to urban carbon emission performance
in the Bohai Rim Economic Circle. Moreover, with the rapid
development of the Internet, the impact of the Internet
development on carbon emission performance has also attracted
increasing attention from the scholars. For instance, by utilizing a
two-way fixed-effect approach, Lin and Zhou (2021) investigated the
impacts of Internet development on carbon emission performance
based on a panel data of China over 2006-2017. Their findings
revealed that Internet development plays an active role in enhancing
carbon emission performance, primarily by facilitating the upgrade
of industrial structure and the diffusion of technologies, and
highlighted that a market-oriented development is conducive to
strengthening the positive role of the Internet on carbon emission
performance improvement. Research results of Kou and Xu (2022)
and Zhang et al. (2022) also supported this conclusion. Furthermore,
some studies have also focused on the impact of foreign direct
investment (FDI) on carbon emission performance. Specifically,
Song et al. (2021) investigated the impacts of FDI on carbon
emission performance based on a panel data of China from
2007 to 2018 and found that there exists opposing two-sided
effects between them. Interestingly, during the sample period,
promoting effect (0.1065) was greater than the inhibiting effect
(0.0402), resulting in an overall positive promoting effect on carbon
emission performance.

In addition, scholars also discussed the impact of corporate
governance on carbon emission performance. For example, based on
the data of 336 multinational enterprises in 32 countries, Oyewo
(2023) explored the potential impact of corporate governance on
carbon emission performance. His research results indicate that
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board diversity, CEO duality, and ESG committees negatively affect
carbon emission performance, whereas board independence and
ESG-based compensation have significant positive impacts. Narsa
Goud (2022) came to similar conclusions by studying the 220 non-
financial listed companies in India. Besides, an increasing number of
studies also investigated the impacts of economic growth (Wang
et al,, 2019; Ding et al., 2020), industrial structure (Abudurecheman
et al, 2023b; Honma et al., 2023), population density (Hong et al.,
2022), digital economy (Wu et al,, 2021; Zhao et al., 2023), carbon
market (Torres and Pinho, 2011; Zhou et al, 2022) and green
innovations (Xu et al, 2021b; Chen et al, 2021) on carbon
emission performance, however, it is worth noting that very few
studies have paid attention to the potential impacts of energy-saving
R&D, as a main source of energy technology progress, on urban
carbon emission performance and its internal transmission
mechanism, especially for the case of China.

2.2 An overview of energy-saving R&D and
research hypothesis

As the main source of technological progress, R&D activities
have a significant impact on both the economy and the environment
(Acheampong and Boateng, 2019; Huang et al., 2020). Most of the
previous studies have primarily focused on the environmental and
economic benefits of the total R&D (Lee and Min, 2015; Jiao et al.,
2018; Huang and Chen, 2020; Shahbaz et al., 2020). For example,
based on a panel dataset of 30 OECD countries, Alam et al. (2020)
explored the impacts of R&D investment on clean-energy
consumption and found that R&D activities play a significant
role in promoting the clean energy consumption and helps to
reduce CO, emissions. By applying a non-parametric model,
Awaworyi Churchill et al. (2019) investigated the potential
impacts of R&D intensity on CO, emissions in G7 countries.
Their findings reveal that there exists a negative nexus between
R&D and CO, emissions and highlighted that enhanced cooperation
among countries is beneficial for promoting R&D’s effectiveness in
mitigating climate change. Moreover, by introducing the total R&D
intensity as an important control variable into the multi-objective
optimization model, He et al. (2021) carried out a simulation
of R&D energy
conservation and emission reduction in China’s future industrial

prediction on the impact intensity on
sector. His research shows that under the optimal scenario, the R&D
intensity of China’s industrial sector will increase by an average
annual rate of 11.14% during the 2017-2030, and the resulting
decline in energy intensity will reach 0.98 tons/million yuan in 2030,
a decrease of 78.4% compared with 2005, emphasizing the
importance of strengthening R&D intensity to reduce energy
intensity and improve energy efficiency. Although these studies
provide a general understanding of the environmental impacts of
total R&D activities, however, they take R&D activities as uniform
and few of them have tried to narrow the total R&D to a more
specific area, which results in a limited and vague understanding of
the environmental innovation outcomes of the R&D. Different from
these studies, we specifically focus on the R&D activities in the
energy field—energy-saving R&D, rather than treating it uniform,
which is of great significance in accurately identifying the specific
impacts of R&D on carbon emission performance and provide more
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targeted policy implications to strengthen the carbon reduction role
of R&D.

In this study, we classify the total R&D into mainly two-types
(i.e., invention-type and utility-type) according to the different
purposes of the R&D activities (CNIPA, 2020). The invention-
type R&D mainly comprises the intellectual property, such as the
proposal of an innovative technique for products, methods, or their
improvements; While the utility-type R&D mainly includes the new
technical solutions proposed for the shape,
combination of products that are suitable for practical use
(CNIPA, 2020). As the utility-type R&D functionally oriented

and aimed at solving practical problems, there should be more

structure, or

commercial use of it. Considering the different purposes within the
invention-type and utility-type R&D activities, the impacts of these
two types of energy-saving R&D on carbon emission performance
may be heterogeneous, however, this heterogeneity often be ignored
in the previous studies. For this reason, we propose the following
hypothesis:

H1. Utility-type energy-saving R&D plays a more important role in
improving carbon emission performance than the invention-type
energy-saving R&D.

Furthermore, the progress of energy technologies brought about
by energy-saving R&D in the region may also exert a positive effect
to the improvement of energy technologies in the surrounding areas
through inter-regional industrial cooperation, talent flow and
technical exchanges, thereby indirectly affecting the carbon
emission performance of neighboring areas. From this
perspective, it can be assumed that energy-saving R&D may have
a spatial impact on regional carbon emission performance.
However, to the best of our knowledge, there has been no studies
have explored the spatial impacts of energy-saving R&D on carbon
emission performance to date. Accordingly, to fill this research gap,
this study tries to examine the spatial impacts of energy-saving R&D
on carbon emission performance for the first time by proposing the

following hypothesis:

H2. Energy-saving R&D has a spatial impact on the improvement of
urban carbon emission performance.

3 Econometric model and data
3.1 Econometric model setting

To effectively evaluate the potential impacts of the energy-saving
R&D on urban carbon emission performance, this study establishes
the benchmark model as follows in Eq. 1. Considering the natural
logarithm processing can effectively solve the heteroscedasticity
problem, we perform natural logarithm of each variable for the
benchmark model:

InCEP;; = y, + y,InERD;; + y,InEG;; + y,InECS;; + y,InINS;;
+y;InURB;; + y4InFDI;; + w;; (1)
Where i and t represent the city and year, respectively;

CEP represents the core explained variable—urban carbon
emission performance; ERD represents the key explanatory
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variable—energy-saving R&D; The remaining variables are
control variables that may affect urban carbon emission
growth (EG),
industrial ~ structure

performance, including economic energy
(ECS), (INS),

and foreign direct investment (FDI).

consumption  structure
urbanization (URB),
Y (m=1,2...6) is the coefficient of each variable, and & is the
random disturbance term.

Considering the strong continuity of the environmentally-
relevant variables in the time dimension, we further constructed
the following dynamic econometric model:

InCEP;; = y, + 6;,InCEP;;_, + y,InERD;; + y,InEG;, + y,InECS;;

+y,InINS;; + y,InURB;, + yInFDI;; + w;, (2)

Where, § is the coefficient of the lagged term of the dependent
variable, the interpretation of other symbols is the same as Eq. 1.

In Section 2.2, we classified the total energy-saving R&D into
two types: invention-type and utility-type according to the different
purposes of R&D activities. To examine their different impacts on
carbon emission performance (i.e., Hypothesis 1), we perform the
following econometric model:

InCEP;; = y, + 6;InCEP;,_, + y,InIERD;; + y,InUERD;,
+ y5InEG;; + y,InECS;; + y,InINS;,
+yInURB;; + y,InFDI;; + w;; (3)

Where, IERD indicates invention-type energy-saving R&D, and
UERD indicates utility-type energy-saving R&D. The interpretation
of other variables is same as Eq. 1.

In addition,
complementary effect between these two types of energy-saving
R&D, we added their interaction terms (i.e., InIERD * [nUERD) to
the model as follows:

to further examine whether there exists a

InCEP;; = y, + 8;sInCEP;;_, + y,InIERD;; + y,InUERD;,
+ uInlERD;, * InUERD;; + y,InEG;; + y,InECS;,
+ ysInINS;; + y,InURB;; + y,InFDI;; + w;, (4)

Where, p is the key observed coefficients of the cross-term
(i.e., INIERD * InUERD), if the coefficient is significantly positive,
it implies that there exists a significant complementary effect
between these two types of energy-saving R&D in terms of
improving carbon emission performance.

3.2 Data sources

This study explores the potential impacts of energy-saving R&D
on urban carbon emission performance based on a panel dataset
from 218 prefecture level cities in China over the period 2007-2019.
We calculated the carbon emission performance of each city by
using the Super-Slacks Based Measure (Super-SBM). Compared
with the traditional data envelopment method (DEA), the Super-
SBM method has obvious advantages in solving the problem of input
and output slackness by introducing undesirable outputs and
modified relaxation variables (Iftikhar et al., 2018; Lin and Zhu,
2021). Furthermore, it also can effectively evaluate the factor
efficiency in the presence of unexpected outputs (Li and Shi,
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2014; Abudureheman et al.,, 2023a). Therefore, this study employs
the Super-SBM method to measure the carbon emission
performance of each city. The main input variables are including
capital, labor, and energy consumption. The actual GDP and carbon
emissions represent the expected and unexpected outputs,
respectively. The specific expression of the Super-SBM model is

as follows:
1+ i ZSI/xio
minp = a n P (5)
- qlim(ZS?/}’ro + Zs?f/bt0>
r=1 t=1
Z:'l:llej -s <xp,(i=1,--,m)
Z;l:ly]A] + 5+ 2)}0, (r = 1, ...,ql)
" j i~ b_ = e
st Yiabidj =" <by, (=1, ) ©

1 st s
(qu oy Zqz ‘—> >0
r=1 Vro t=1 th

1_
9 +q
Ajsiostst20 (= 1,0m; j # jo)

Where, j represents each decision-making unit (DMU), n is the
number of DMU; m, q,, q, denote the input variable, expected and
unexpected output respectively. s;, s;, s, represent the relaxation
variables of input, expected output, and unexpected output,
respectively.

Regarding the key explanatory variable—energy-saving R&D, as
the invention of new technologies is a challenging and unpredictable
process, some energy-saving R&D investments may not necessarily
lead to the successful generation of new energy-saving technologies
(Bye and Jacobsen, 2011; Huang et al., 2020), and energy-saving
R&D investment data is difficult to obtain (Chen et al., 2022),
therefore, this study uses the number of energy-saving patents to
represent the innovative output of energy-saving R&D activities.
Patent data is sourced from the National Patent Database (CNIPA,
2020). According to China’s patent law, patents are divided into
three types: invention-type, utility-type, and design-type patents
(CNIPA, 2020). The invention-type mainly refers to the intellectual
property, such as the proposal of an innovative technique for
products, methods, or their improvements; While the utility-type
mainly includes the new technical solutions proposed for the shape,
structure, or combination of products that are suitable for practical
use. The design-type is mainly aimed at protecting the appearance of
the products, therefore, design patents are not considered in this
study. Based on this, the energy-saving patents in this study includes
mainly two types: invention-type and utility-type.

In addition, to ensure the validity and reliability of the
estimation results, we also selected some control variables which
may affect urban carbon emission performance including economic
growth, industrial structure, energy consumption structure, foreign
direct investment and urbanization level. Economic growth (GDP)
is represented by the GDP of each city. Industrial structure (INS) is
denoted by the proportion of the added value of the secondary
industry to GDP. As for the energy consumption structure (ECS),
due to the lack of renewable energy consumption data at the urban
level, this study uses the proportion of electricity consumption to
total energy consumption to represent the energy consumption
structure of each city. Foreign direct investment (FDI) is
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expressed by the proportion of the total output value of foreign-
invested enterprises to GDP. In addition, we proxied the
urbanization level of each city by using the urban nighttime
lighting data released by the National Geophysical Data Center
(NGDC, 2020). The data for the other related variables mentioned
above are all sourced from the China Urban Statistical Yearbook
(CUSY, 2020) and the statistical yearbooks of each city (CSY, 2020).
Table 1 reports the descriptive statistics of the above variables.

4 Empirical results
4.1 Pre-benchmark regression checks

Before the benchmark regression, the stationarity and cross-
sectional correlation of the variables should be tested to ensure the
validity and reliability of the estimated results. For this purpose, this
study employs the Breusch-Pagan LM test (Breusch and Pagan,
1980), Pesaran C-D test (Pesaran, 2004) and Friedman test
(Friedman, 1937) to investigate the cross-sectional correlation
between different units of the sample data. The corresponding
results are reported in Table 2, from which we can see that all
the three tests have rejected the null hypothesis of no cross-sectional
correlation at the 1% significance level, implying a significant
correlation among the cross-sectional units in the sample panel
data. Therefore, it is necessary to incorporate this correlation
between cross-sectional wunits in the subsequent empirical
estimation.

Moreover, we further carry out the unit root test for each
variable by employing the Pesaran CADF & CIPS test (Pesaran,
2007) to keep the validity of the estimation results. Table 3 shows the
corresponding results. We can see from Table 3 that only some
variables are significant at the original level, therefore, a first-order
difference is required for each variable. It can be seen that all
variables after first-order difference pass the significance test and
rejected the null hypothesis of the existence of unit root, which
means that the variables used in this study need to perform first-
order difference.

4.2 Benchmark regression results

Considering the benchmark model (i.e., Eq. 2) is a dynamic
model, traditional static estimation methods such as fixed effects
(FE) and feasible generalized least squares (FGLS) may lead to biased
estimation results. Arellano and Bover (1995) and Blundell and
Bond (2023) propose two moment estimation methods suitable for
dynamic models: differentiall GMM and system GMM. Compared
with differential GMM (DIF-GMM) estimation, the system GMM
(SYS-GMM) can estimate both horizontal and difference equation at
the same time, and introduce more instrumental variables into the
model to effectively improve the estimation efficiency. Therefore,
this study takes the SYS-GMM method as the benchmark method to
estimate the Eq. 2, and the corresponding results are shown in
column four of the Table 4. From Table 4, we can see that the values
of AR 1) are less than 0.1, while the values of AR 2) are larger than
0.1, indicating that there is no autocorrelation in the disturbance
term, that is, the estimation results meet the exogenous condition.
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TABLE 1 Descriptive statistics.

Variables Obs Mean Std Min Max
CEP 2,834 03418071 0.2295887 0.1053791 2350501
ERD 2,834 0.0450305 0.1019864 0.013045 1.871341
EG 2,834 540918 6.1391739 2327924 7,410.624
ECS 2,834 02758138 0.1121355 0.0078892 1.097421
INS 2,834 0.6281175 0.1133611 00718564 1.01311
URB 2,834 3221929 8.58614 0236078 66.29556
EDI 2,834 0.0306876 0.0233224 0054033 02014102

Note: Obs. Indicates the number of observations; Mean is the mean value of each variable; Std. Indicates the standard deviation; Min and Max represent minimum and maximum value of each
variable, respectively.

TABLE 2 Cross-sectional correlation test results. The values of Sargan tests are greater than 0.1, which implies that the
instrumental variables of SYS-GMM technique is valid.
Furthermore, to ensure the credibility and robustness of the
Breusch-Pagan LM test 461.524% 0.0000 benchmark results, the estimation results of DIF-GMM, FE and
FGLS are also reported in Table 4.

Test Statistics Prob

Pesaran C-D test 73.674** 0.0000 i . .
The SYS-GMM estimation results in Table 4 shows that, energy-
Friedman test 9547 0.0000 saving R&D (denoted as InERD) has significant positive impacts on
Note: *** indicates passing the test at 1% level. urban carbon emission performance. Besides, the estimation results of

TABLE 3 Unit root test results.

Variable Level 1st difference Order of integration

Intercept Intercept and trend Intercept Intercept and trend

Pesaran CIPS test

InCEP —1.4110%* —1.726°* —3.127%¢ ~3.250+ 1(1)
InERD -2.303 -2.463 —3.145 -3.326"* 1(1)
InEG ~1.714 ~2.145 ~3.364* ~3.569** 1(1)
InECS -2.016* -2213 ~3.590%* —3.734% 1(1)
InINS ~1.472 -1.728 ~2.625% ~3.515% 1(1)
InURB -1.593 ~1.841 —2.313 —2.823 1(1)
InFDI ~1.682 -2.762** ~3.405+ —3.671% 1(1)

Pesaran CADF test

InCEP 23134 —3.042*** =3.271%%* —3.693*** 1(1)
InERD -1.714 -2.375 —2.460*** —3.125%* 1(1)
InEG -1.625 —-2.064 —2.593*** —3.268*** 1(1)
InECS =2.271%* —-2.375* —3.278*** —2.785%** I(1)
InINS —2.253** —2.423** —3.415%** —3.993** I(1)
InURB -1.680 -1.732 —2.390*** —2.814** 1(1)
InFDI -1.134 -2.109 —2.347** —3.546%** 1(1)

Note: * * %, * *, * indicate significant at the 1%, 5%, and 10% levels, respectively.
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TABLE 4 The impact of energy-saving R&D on urban carbon emission performance.

10.3389/fenvs.2024.1385363

Variable FE FGLS DIF-GMM SYS-GMM
InERD 0.157*** (3.28) 0.210%** (5.67) 0.247** (4.31) 0.261*%** (7.93)
InEG —0.161*** (=3.29) —0.143** (-2.05) —0.172** (-6.48) —0.185"** (=3.72)
InECS 0.018 (1.12) 0.049* (1.71) 0.031* (1.82) 0.044** (2.32)
InINS —0.197** (-2.36) —0.182*** (=5.47) —0.175%* (-2.42) -0.186*** (=7.59)
InURB -0.008* (-1.91) -0.007** (-2.32) -0.010** (-2.14) -0.013"** (-3.17)
InFDI 0.176* (1.85) 0.191* (1.78) 0.210* (1.93) 0.206** (2.41)
Cons_ 0.114*** (3.15) 0.213%** (2.89) 0.257%** (4.61) 0.279*** (3.84)
LInCEP 0.325%** (4.89) 0.410%** (6.27)
R2 0.892

AR (1) 0.004 0.001

AR (2) 0.513 0.579

Sargan test 0.992 0.998

Note: * * %, * %, * indicate significant at the 1%, 5%, and 10% levels, respectively; Z-values in parentheses.

DIF-GMM, FE and FGLS are also exhibited a significant positive value
of energy-saving R&D on urban carbon emission performance, which
further supports the robustness and credibility of SYS-GMM
estimation results. The significant positive coefficients of energy-
saving R&D implies that energy-saving R&D contributes
significantly to the improvement of urban carbon emission
performance. To be specific, a 1% increase in energy-saving R&D
investment will promote the carbon emission performance of each
city by 0.260%. This is because energy-saving R&D activities facilitates
the progress and innovations of energy-saving technologies, improves
energy utilization efficiency of enterprises, reduces production costs
and energy wastes, which in turn contributes to the improvement of
urban carbon emission performance.

Regarding the control variables, it can be seen that both
urbanization (URB) and economic growth (GDP) have a negative
impact on the urban carbon emissions performance, and both are
statistically significant at 1% level. One possible reason may be that
China’s economy and urbanization process are undergoing rapid
growth in the past decades, while growing urban economies and
urbanization process both require large amounts of energy input,
and increasing energy consumption generates greenhouse gas
emissions, which is not conducive to the improvement of urban
carbon emission performance. The energy consumption structure
(ECS) exhibits a positive impact on urban carbon emission
performance at a significance level of 5%, indicating that the
transformation of energy consumption structure to electricity will
help to improve urban carbon emission performance. In March
2022, the National Development and Reform Commission and the
National Energy Administration jointly issued the " Guiding
Opinions on Further Promoting Electric Energy Substitution”,
and stressed the further expansion and deepening of electricity
substitution during the “l4th Five-Year Plan” period, with the
goal of achieving a 30% share of electricity in the structure of
end-use energy consumption by 2025. In the context of a low-
carbon economy, electricity has become an important direction for
the transformation of terminal energy consumption structure with
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the advantages of environmental protection, simplicity, and high-
efficiency, and this will help to improve the carbon emission
performance of cities. The coefficient of industrial structure (INS)
is significantly negative at the 1% statistical level, indicating that the
increase in the proportion of urban secondary industry to GDP will
have a negative impact on urban carbon emission performance. As
an energy intensive industry, the secondary industry is the main
energy consumer and source of carbon emissions. Therefore,
increases in the share of secondary industry in the economy will
not be conducive to the improvement of urban carbon emission
performance. In addition, the impact of foreign direct investment
(FDI) on carbon emission performance is significantly positive,
indicating that increased foreign direct investment will help to
improve urban carbon emission performance. The possible
reason may be that FDI will bring in the introduction of capital
and technology, which is not only conducive to improving the
carbon emission performance of the local area, but also helps to
improve the carbon emission performance of surrounding cities
through the spatial spillover effect of technology.

4.3 The impact of different types of energy-
saving R&D on urban carbon emission
performance

In Section 3.1, we have discussed the overall impacts of energy-
saving R&D on urban carbon emission performance based on the
benchmark model (ie., Eq. 2) and find a positive significant nexus
between energy-saving R&D and carbon emission performance. To this
end, another interesting question sparked our interests: how different
types of energy-saving R&D affect urban carbon emission
performance? Whether there exists a significant difference in their
impact on carbon emission performance? Do they complement each
other and synergistically promote urban carbon emission performance?
To clarify these questions, we divided the total energy-saving R&D into
two types according to their different use purpose: invention-type and
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TABLE 5 The impact of different types of energy-saving R&D on urban carbon emission performance.

10.3389/fenvs.2024.1385363

Variables Model (1) Model (2) Model (3)
InIERD 0.067 (0.92) 0.013 (0.56)
InUERD 0153 (4.41) 0.127* (3.65)
InIERD* InUERD 0.209°* (3.32)
InEG ~0.162%** (-4.27) —0.174%* (=3.91) ~0.158** (=6.72)
InECS 0.025* (1.84) 0.041** (2.35) 0.036** (2.12)
InINS ~0.147%%* (=5.90) ~0.182%%* (=3.52) ~0.161%* (=7.17)
InURB ~0.004 (~0.13) ~0.013** (~2.05) ~0.041 (~0.63)
InEDI 0.165* (1.92) 0.144** (2.35) 0.157* (1.89)
Cons_ 2,143 (3.89) 29157 (7.62) 1.682%* (5.20)
LInCEP 0.816"* (9.07) 1.105%* (8.26) 0.917** (6.23)
AR 1) 0.003 0.001 0.005

AR 2) 0547 0591 0.618

Sargan test 0.958 0.997 0.939

Note: * * *, * *, * indicate significant at the 1%, 5%, and 10% levels, respectively; Z-values in parentheses.

utility-type, and examined their heterogenous impacts on urban carbon
emission performance. Table 5 displays the corresponding results. The
main results of columns (1)-(2) of Table 5 shows that only the utility-
type energy-saving R&D (denoted as InUERD) exhibited a significant
positive impact on carbon emission performance at a 1% statistical
level, while the invention-type energy-saving R&D (denoted as InIERD)
presented a non-significant positive result, implying that utility-type
energy-saving R&D plays a more important role in improving carbon
emission performance than the invention-type energy-saving R&D.
However, it is worth noting that we cannot conclude the invention-type
energy-saving R&D is not important just based on this alone. In the
next step, we tried to introduce the cross terms of the two types of
energy-saving R&D (InIERD * InUERD) into the benchmark model
(ie, Eq. 3), and examined whether the invention-type energy saving
R&D can serve as a supplement for the utility-type energy-saving R&D
to improve carbon emission performance more effectively. Column 3)
of the Table 5 reports the corresponding results, we can see that the
estimated coefficient of the cross term (InIERD * InUERD) is 0.209 and
significant at the 1% statistical level, indicating that invention-type
energy-saving R&D helps to strengthen the carbon reduction role of
utility-type energy-saving R&D, thereby promoting urban carbon
emission performance more effectively. Thus, the Hypothesis one is
confirmed. Huang et al. (2021) came to similar conclusions by studying
the spatial impacts of energy-saving R&D on China’s provincial energy
consumption.

4.4 Robustness check

To ensure the reliability and robustness of the above empirical
results, we perform robustness checks from the following three
perspectives: policy change, adding new control variables, and
different sample perspectives, in the next step.

Frontiers in Environmental Science

4.4.1 Robustness check |

Since the United Nations Climate Conference in 2015, global
climate change has become a major concern for countries
worldwide, and many countries have put forward ambitious
goals aimed at addressing and mitigating climate change issues.
As a big carbon emitter in the world, China has made active actions
to reduce CO, emissions and proposed a series of energy
conservation and emission reduction policies and targets in the
13th Five-Year Plan (2016-2020) released in 2016. To check
whether the policy change brings bias to the sample estimation
results, this study introduces a dummy variable “Treat” to
represent the 13th Five-Year Plan period in the benchmark
model (Eq. 2). We set “Treat = 1”7 to denote the “13th Five-
Year Plan” period, and use “Treat = 0” to indicate other periods.
Columns (1)-(3) of Table 6 shows the corresponding results, it can
be seen that the coefficient of the key explanatory
variable—energy-saving R&D (i.e., [nERD) is significantly
positive at 1% statistical level, which is consistent with the
benchmark estimation results in Table 4. Regarding the two
different types of energy-saving R&D (i.e, [nIERD and
InUERD), InUERD exhibits a significant positive value, while
InIERD shows an insignificant estimation result, and their cross
terms presents a significant positive value, which also keep
accordance with the benchmark estimation results in Table 5.
The above results indicate that the benchmark regression is robust
and exclude the impacts of policy change.

4.4.2 Robustness check |l

In this step, we introduce new control variable PGDP (denoted
as per capita GDP) to the benchmark model (ie., Eq. 2) and re-
estimate it by using the SYS-GMM technique. Columns (4)-(6) of
the Table 6 shows the corresponding results, it can be seen that after
adding the new control variable (i.e, PGDP), the signs and
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TABLE 6 Robustness check results.

Robustness check |

Robustness check I

10.3389/fenvs.2024.1385363

Robustness check Il

Variable Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) Model (7) Model (8) Model (9)
InERD 0.178*** 0.2470%* 0.2117%*
(4.05) (5.91) (4.36)
Treat 0.053*** 0.044** 0.031** (2.06)
(3.70) (2.31)
InPGDP —0.018** —0.012** —-0.015%**
(-2.29) (-2.34) (-2.89)
In[ERD 0.053 (0.27) 0.057 (0.39) 0.042 (1.10) 0.036 (0.82) 0.031 (0.11) 0.028 (0.47)
InUERD 0.146*** 0.140%* 0.135** (2.42) | 0.139** (2.05) 0.129* 0.132**
(3.79) (3.52) (3.76) (2.09)
InIERD*InUERD 0.169*** 0.153** (2.27) 0.141**
(4.10) (2.35)
InEG —-0.161*** -0.170** —0.165*** -0.181** —0.173*** -0.176** —0.162*** -0.170** —=0.178**
(-5.33) (-2.14) (-4.72) (~2.45) (~4.09) (-2.33) (-3.85) (~2.45) (-2.11)
InECS 0.028* (1.76) 0.021 (0.01) 0.024** (2.18) = 0.032** (2.16) | 0.037* (1.85) 0.025** (2.30) | 0.031** (2.19) = 0.035* (1.89) | 0.027**
(2.15)
InINS -0.137** -0.132** -0.145* —0.158*** -0.151** —0.143** —0.134%** -0.127** -0.136%*
(-2.09) (-2.15) (-1.91) (—6.45) (-2.33) (-2.15) (-3.46) (-2.31) (-2.42)
InURB —-0.051* —0.046** -0.033** —0.009*** —-0.011** -0.014* —0.025%** -0.018** —-0.022
(-1.82) (-2.37) (-2.41) (-2.88) (-2.42) (-1.89) (-4.92) (-2.23) (-0.87)
InFDI 0.143 (0.11) 0.135%* 0.127 (0.63) 0.173** (2.05) = 0.160** (2.38) = 0.155 (0.74) 0.165* (1.83) 0.151 (0.62) 0.158* (1.91)
(2.18)
Cons_ 0.155%* 0.231°* 0.188*** 0.310* 0.322%%* 0.318*** 0.253¢ 0.241* 0.237*
(7.12) (4.56) (6.11) (5.91) (4.71) (3.96) (4.27) (3.50) (3.22)
LInCEP 0.209* 0.238* 0.217* 0.364* 0.319*** 0.337%* 0.316%** 0.309** 0.313*
(4.81) (3.97) (3.54) (4.17) (6.80) (4.25) (5.21) (4.68) (5.92)
AR (1) 0.009 0.003 0.001 0.005 0.007 0.004 0.006 0.001 0.008
AR (2) 0.579 0.615 0.558 0.634 0.571 0.592 0.591 0.568 0.571
Sargan test 0.991 0.983 0.976 0.978 0.996 0.983 0.994 0.975 0.998
Note: * * %, * *, * indicate significant at the 1%, 5%, and 10% levels, respectively; Z-values in parentheses.
significance of the total energy-saving R&D and its two categories  estimation bias caused by wurban specificity, once again

(i.e., InIERD and InUERD) still remain consistent with the baseline
regression results in Tables 4, 5. Furthermore, the coefficient of the
cross term (i.e., InIERD*InUERD) is also statistically significant and
positive, further supporting the robustness of the benchmark
estimation results.

4.4.3 Robustness check Il

Considering the economy of China’s four largest municipalities
(i.e., Beijing, Shanghai, Tianjin and Chonggqing) is at the top of the
country, their energy-saving R&D may have a different impact on
carbon emission performance than that of other cities. To avoid the
bias of estimation results caused by city specificity, we re-estimated
the benchmark model (i.e., Eq. 2) after removing the municipalities
and Columns (7)-(9) of Table 6 shows the corresponding results.
We can see that after removing the special values, the signs and
significance of the core explanatory variable (ie., InERD), two
different types of energy-saving R&D (i.e., InIJERD and InUERD),
and their cross terms still keep accordance with the results of the
benchmark regression in Table 4 and Table 5, which excludes
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supporting the robustness of the benchmark estimation results.

5 Mechanism analysis

5.1 Mediating model

According to the primary results in Section 4, energy-saving
R&D has a significant positive impact on urban carbon emission
performance. To this end, another interesting question sparks our
interest: What is the internal transmission mechanism of energy-
saving R&D on urban carbon emission performance? To
systematically investigate how energy-saving R&D affects urban
carbon emission performance, we established the following
mediation effect model:

7)
(@)

InCEM;; =y, + y,InERD;, + ZzzlyklnX,-,, + €

3
InM;; = ¢, + ¢,InERD;; + zk:l‘Pkl”Xi,t +v,
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InCEM;; = n, + ,InERD;; + olnM;; + Zi:lqklnX,-,t +6, (9

Where, InM;; refers to the mediating variables, including
technical effect (Tech), structural effect (Struc), and urbanization
effect (URB). Technical effect (Tech) is denoted by energy
efficiency, which is measured in terms of energy consumption per
unit of GDP; Structural effect (Struc) is represented by the ratio of
tertiary industry and secondary industry; Urbanization effect (URB) is
measured by the amount of nighttime lighting in each city. y,+ ¢4+
1], Tepresent constant terms; y, -y,, ¢,-¢,, #, -1, are the coefficients to
be estimated, respectively; &4, ¥;,, G;; are the random terms. [nX;,
indicates all the control variables in the model, including economic
growth, energy consumption structure, and foreign direct investment.
Eq 7 primarily measures the overall impacts of energy-saving R&D on
urban carbon emission performance. Eq 8 explores the impact of
energy-saving R&D on mediating variables, while Eq. 9 examines the
effects of both energy-saving R&D and mediating variables on carbon
emission performance. If the coefficient of ¢, in Eq. 8 and the
9 are both
significant, it indicates that the intermediary effect exists.

coefficient of intermediate variable (¢) in Eq.

5.2 Transmission mechanism analysis

Table 7 shows the estimation results of mediating effect model. It
can be seen that the coefficients of energy-saving R&D in models 1),
3), and 5) are significantly positive, indicating that energy-saving
R&D helps to improve energy efficiency, optimize industrial
structure, and promote urbanization process. To be specific, a 1%
increase in energy-saving R&D promotes energy efficiency by
0.618%, industrial structure by 0.063% and urbanization level by
0.136%, indicating that energy-saving R&D has the most prominent
role in improving energy efficiency. Meanwhile, the positive effects
of energy-saving R&D on the optimization and upgrading of
industrial structure and the promotion of urbanization have also
been verified. In addition, in models 2), 4), and 6), the coefficients of
technical effect (Tech), structural effect (Struc), and urbanization
effect (URB) are all significant, implying that the mediation effects
exist and are effective. Specifically, the coefficient of technical effect
(Tech) is 0.189 at the 1% significance level, which indicates that the
enhancement of energy efficiency significantly promotes the
of
Technological progresses and innovations brought about by

improvement urban carbon emission  performance.
energy-saving R&D are conducive to improving energy utilization
efficiency, reducing energy resource wastes and carbon emissions,
and thus contributing to the improvement of urban carbon emission
performance. Furthermore, the coefficients of structural effect
(Struc) and urbanization effect (URB) are significantly negative at
the 5% statistical level, with values of —0.077 and -0.058,
respectively. As discussed in Section 1, technological progress and
improved energy efficiency may prompt enterprises to use more
energy to expand production scale and increase profits, which will
cause energy rebound effect. This will weaken the positive role of
energy-saving R&D on optimizing and upgrading the industrial
structures, and ultimately resulting in a negative overall effect of
industrial structure on carbon emission performance. Regarding the

urbanization effect, due to the rigid demand for energy consumption
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and the corresponding carbon emissions caused by urbanization, the
total effect of urbanization on carbon emission performance is also
negative. In summary, the positive effects of technological effect on
carbon emission performance exceeds the negative effects of
structural effect and urbanization effect, ultimately leading to a
positive promotion effect of energy-saving R&D on urban carbon
This

illustrated in Figure 2 more intuitively.

emission performance. transmission mechanisms are

6 Further discussion
6.1 Spatial effect analysis

6.1.1 Spatial model setting

Considering the main output of R&D activities, such as
technological progress, has significant spillover effects (Awaworyi
Churchill etal., 2019; Alam et al.,, 2020; Gu et al., 2021), a meaningful
question sparks our interest: Does energy-saving R&D has spatial
spillover effect on urban carbon emission emissions? If so, do
different spatial factors affect this spillover effect? To the best of
our knowledge, there has been no studies systematically examined
the spatial impacts of energy-saving R&D on urban carbon emission
performance and the driving factors of this spatial effect, especially
for the case of China. Neglecting the spatial interaction effect into
consideration will lead to a biased estimation result, therefore, it is
necessary to conduct a spatial econometric analysis to examine the
spatial impacts of energy-saving R&D on urban carbon emission
performance.

Notably, a spatial autocorrelation test must be performed before
constructing the spatial econometric model. We applied the
commonly used Moran’s I and Geary’s C index tests for spatial
autocorrelation check (Liu and Yang, 2021; Abudureheman et al.,
2022b). The specific calculation formulas of the Moran’s I and
Geary’s C indexes are as follows:

Z?:1Z}l:1wij (xi — J_C)(xj - 37)
S Y 2 Wi

(n- I)Zlezyzlwfj(xi - xi)z
2SS wn) (5 (- 7]

I morans —

(10)

(11)

CGem y's =

Where, x denotes the observed variable, wj represents the

A
s? :72‘:‘: = x=iy" x. If

0<Imoran <1 (=1<Ioran <0), there exists a positive (negative)

spatial ~ weight  matrix.

spatial correlation. Spatial correlation does not exist when
Lnorans = 0. Regarding the Geary’s C index, positive spatial
correlations exist when Geary’s C index is less than 1, while
negative spatial correlations exist when it exceeds 1. There is no
spatial correlation when it equals 1. The test results are shown in Table
A1, both the Moran’s T and Geary’s C test results indicate that the key
observed variables in this study (i.e., energy-saving R&D and urban
carbon emission performance) exist significant spatial correlation.
Therefore, it is reasonable to establish spatial econometric model.
We constructed the spatial Durbin model (SDM) based

on the approach introduced by LeSage and Pace (2014) to
effectively capture the spillover effects of energy-saving R&D on
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TABLE 7 Estimation results of mediation effect.

Variable

InERD

Technical effect

Model (1)

0.618%** (5.32)

Model (2)

0.159%** (3.14)

Structural effect

Model (3)

0.063%* (2.28)

Model (4)

0.134*** (5.09)

10.3389/fenvs.2024.1385363

Urbanization effect

Model (5)

0.136** (2.15)

Model (6)

0.117%%* (4.62)

LInCEP

0.309%** (5.12)

0.285*** (3.76)

0.341%** (7.26)

InTech

0.189%** (6.22)

LInTech

0.424*** (5.60)

InStruc

-0.077** (-2.35)

L.InStruc

0.359%** (3.11)

InURB

—0.058** (-2.41)

LInURB

0.261%** (4.83)

Control variable

Yes

Yes

Yes

Yes

Yes

Yes

Cons_ 0.897%** (5.03) 1.034%%* (3.29) 1.505%** (3.89) 1.396%** (4.11) 1.282%* (10.43) 1.463*** (6.50)
AR 1) 0.002 0.004 0.003 0.007 0.005 0.001
AR 2) 0.559 0.578 0.598 0.631 0.614 0.672
Sargan test 0.991 0.995 0.975 0.996 1.000 0.998

Note: * * *, * *, * indicate significant at the 1%, 5%, and 10% levels, respectively; Z-values in parentheses.
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Transmission mechanism of energy-saving R&D on carbon emission performance. Transmission mechanism of energy-saving R&D on carbon

urban carbon emission performance across both time and
space dimensions. The specific expression of SDM model is as follows:

N
InCEP;, = 1y + "y WInCEP;, + 1y InERD,

i=1

+6)" W, InERD,,

+Zz=1)’k InXit +a; +vi + Gy (12)
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Where, «”" and 6 are the coefficients of spatial lag term, if the
coefficient is significant, it indicates that there exists a significant
spatial spillover effect. ¢;; is the random disturbance term. Wj;
represents the spatial weight matrix. This study constructs
geographic (W;) and economic (W,) spatial weight matrices
according to the geographical location and economic correlation
characteristics of each city. The interpretation of other variables is
similar to Eq. 1.
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TABLE 8 Estimation results of spatial Durbin model.

10.3389/fenvs.2024.1385363

Variable Direct effect Indirect effect Total effect
Wy Wy Wy

InERD 0.175%% (2.31) 0.210%** (3.77) 0.274*%% (4.93) 0.291%%* (3.56) 0.449%%% (4.78) 0.501%%* (5.19)
InEG ~0.143°* (-3.91) —0.168** (~4.24) ~0.170* (~3.25) —0.181*** (=2.93) ~0.313°* (-4.12) ~0.349%* (=3.56)
InECS 0.025* (1.87) 0.032** (2.16) 0.048* (1.77) 0.051** (2.16) 0.073** (2.09) 0.083* (1.83)
InINS ~0.172** (-2.39) ~0.180* (~1.91) ~0.192* (-3.71) —0.210"** (~4.35) ~0.364*** (~3.74) ~0.390%** (~3.26)
InURB 0.007 (0.36) 0.012* (1.84) 0.009* (1.85) 0.011* (2.32) 0.016* (1.76) 0.023** (2.43)
InFDI 0.154 (1.10) 0.163** (2.14) 0.178 (0.55) 0.186* (1.93) 0332 (1.13) 0.349** (2.41)

Note: * * %, * *, * indicate significant at the 1%, 5%, and 10% levels, respectively; Z-values in parentheses.

6.1.2 Spatial effect analysis

Table 8 shows the estimation results of the spatial Durbin model
(SDM) (i.e., Eq. 8) under the geographical (W;) and economic (W,)
spatial weight matrices, in which the direct effect denotes the influences
of main explanatory variable on the explained variable in the local
region, while the indirect effect (also known as spatial spillover effect)
indicates the influences of key explanatory variable on the explained
variable in the neighboring region. We can see from Table 8 that both
the direct and indirect effects of the energy-saving R&D exhibits
significant positive estimation results under the geographical (W)
and economic (W,) spatial weight matrices, indicating that energy-
saving R&D not only contributes to the improvement of carbon
emission performance in the local region, but also helps to the
promote the carbon emission performance of neighboring areas;
that is, there exists significant spatial spillover effects of energy-
saving R&D on urban carbon emission performance, which
supported the Hypothesis 2. One possible explanation is that the
advancements in energy-saving technologies and innovations resulting
from energy-saving R&D not only enhance the carbon emission
performance within a region but also create positive externalities to
the improvement of energy technologies in the surrounding areas
through inter-regional industrial cooperation, talent flow and technical
exchanges, which is helpful for promoting the carbon emission
performance of neighboring areas. On the other hand, in the
context of a low-carbon economy, the carbon emission
performance has become an important indicator for both local
governments and enterprises (Ferrat, 2021). Thus, there exists a
competition effect among different regions to enhance their carbon
emission performance (Abudureheman et al., 2022a). To be specific,
improvements in the carbon emission performance of enterprises in
neighboring cities may reduce the competitive advantages of
enterprises in the local region, thus prompting local enterprises in
the region to strengthen their carbon emission performance by taking
effective measures, such as increasing energy-saving R&D investments,
so as to improve their overall carbon emission performance.

In addition, we discovered another interesting finding from the
estimation results in Table 6 that the elastic coefficients of energy-
saving R&D and other control variables under the economic weight
matrix (W) are larger than that of the geographical weight matrix
(W), implying that economic factors play a more important role in
the spatial spillover effects of energy-saving R&D than geographical
factors. One possible explanation for this is that a close economic
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correlation between different regions is conducive to facilitate
the cooperation among different regions in energy-saving research
and development, promote the flow of energy-saving technologies and
human resources, thereby promoting the carbon emission

performance of both local region and spatially correlated regions.

6.2 Heterogeneity analysis

Due to the differences in economic development and resource
availability across cities, the effects of energy-saving R&D on carbon
emission performance may vary among different types of urban
groups. To understand this heterogeneity, we further classified cities
from the following two perspectives. First, it is categorized into four
groups according to city size, which includes megacities,
metropolises, medium-sized cities and small cities. Second, it is
classified into two groups according to the characteristics of resource
endowment, which includes resource-based cities and non-
resource-based cities. We conduct heterogeneity analysis on these
different urban groups separately.

Table 9 shows the corresponding estimation results, from which
we can see that there exists significant heterogeneity in the impact of
energy-saving R&D on carbon emission performance among different
urban groups. Specifically, the elasticity coefficients of energy-saving
R&D in megacities and metropolises are significantly positive at the
1% statistical level, while it is comparatively weaker in medium-sized
cities, being only significantly positive at the 10% level. However, the
elasticity coefficients for small cities are not statistically significant.
The possible reason may be that, as an economically developed urban
group, megacities and metropolises have a solid economic foundation
and abundant human capital, and their energy-saving R&D
investment intensity is higher than that of medium and small
cities with relatively underdeveloped economy. Therefore, energy-
saving R&D in megacities and metropolises shows a significant
promotion role in improving the cities carbon emission
performance. However, due to the weak economic conditions, lack
of human capital and other factors, medium-sized and small cities
have relatively low energy-saving R&D investment intensity and the
technology absorption and innovation capabilities are weaker than big
cities. Therefore, during the sample period, energy-saving R&D in
medium-sized and small cities did not show significant improvement
in carbon emission performance. Regarding the resource-type urban
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TABLE 9 Estimation results of different types of urban groups.

Variables

Megacities

Metropolises

Medium-sized

cities

Small
cities

Resource-based
cities

10.3389/fenvs.2024.1385363

Non-resource-based
cities

InERD 0.153°* (4.76) | 0.131°* (5.92) 0.076* (1.90) 0.024 (0.78) 02107 (5.37) 0.089** (2.19)

InEG ~0.041 (0.25) | —0.738*% (=351)  —1.105"* (~6.49) —1.126%+ ~0.162%%* (~4.85) ~0.123* (=6.71)
(-3.75)

InECS 0.059** (2.16)  0.024 (0.17) 0.101 (0.86) 0.813 (1.15) 0.033** (2.14) 0.027 (0.83)

InINS ~0.327 (<0.65) | —0.210%* (-4.93)  —0.154*** (~3.28) ~0.076% ~0.172%* (5.91) ~0.113% (-2.42)
(~2.35)

InURB 0.057 (1.13) 0.024* (1.85) 0.071° (2.14) 0.032* (1.89) 0.015%* (2.28) 0.011 (0.76)

InFDI 0.162** (2.43)  0.073* (1.81) 0.055 (0.63) 0.073 (1.12) 0.136** (2.01) 0.058* (1.91)

Cons_ 1.275%% (9.34) | 1.561*** (3.79) 0.932* (5.46) 0.812°% (7.52) | 0.834°* (10.52) 0.769* (8.31)

LInCEP 0.815%* (349) | 0.526*** (4.87) 0.623* (3.92) 05117 (7.14) | 0.757*** (9.13) 0.630** (5.72)

AR 1) 0.003 0.007 0.009 0.004 0.005 0.001

AR 2) 0.589 0.554 0.637 0512 0.618 0.674

Sargan test 0.961 0.998 1.000 0973 0.991 0.983

Note: * * *,* *, * indicate significant at the 1%, 5%, and 10% levels, respectively; Z-values in parentheses. The null hypothesis of AR, test is that: there no exists autocorrelation; The null hypothesis

of Sargan test is that: there is no weak instrumental variable.

groups, it is worth noting that energy-saving R&D significantly
contributes to the carbon emission performance of both resource-
based and non-resource-based cities at least at the 5% statistical
significance level. The National Sustainable Development Plan for
Resource-Based Cities (2013-2020), issued by the State Council in
2013, points out that resource-based cities are important strategic
energy and resource bases in China, and it is necessary to improve
energy and resources utilization efficiency of these cities, strengthen
environmental governance and ecological protection, and realize
green and low-carbon development in resource-based cities.
Through the advancement and innovation of energy-saving
technologies, the energy-saving R&D plays a crucial role in
enhancing the energy utilization efficiency of resource-based cities.
This, in turn, leads to a reduction in resource wastage, pollution
emissions, and an improvement in carbon emission performance.
Consequently, energy-saving R&D serves as a significant pathway
towards achieving the low-carbon transformation and development of
resource-based cities. At the same time, due to the high energy
consumption demand and high carbon emission reduction
pressure in most non-resource-based cities (such as Beijing,
Shanghai, efc.), it is still necessary to strengthen energy-saving
R&D investments in non-resource-based cities. This will facilitate
the progress of energy-saving technologies, enhance energy efficiency,
and ultimately improve the carbon emission performance of non-
resource-based cities.

7 Conclusion and policy implications

This study explores the potential impacts of energy-saving R&D on
urban carbon emission performance based on a balanced panel dataset
of 218 prefecture-level cities in China over the period 2007-2019.
Different from previous studies that mainly focus on the total R&D, we
differentiated the energy-saving R&D from the total R&D and
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categorized it two different types according to the purpose of
energy-saving R&D, and further examined its heterogenous impacts
on urban carbon emission performance for the first time. The internal
mechanisms and spatial spillover effects of energy-saving R&D on
urban carbon emission performance is also have been discussed. Lastly,
the regional heterogeneity between different types of city group is
further investigated. The main conclusions are as follows:

(1) Energy-saving R&D has obvious promoting effect on the
improvement of urban carbon emission performance,
among which the utility-type energy-saving R&D plays a
more important role in improving carbon emission
performance than the invention-type energy-saving R&D.
At the same time, invention-type energy-saving R&D helps
to strengthen the carbon reduction role of utility-type energy-
saving R&D, thereby promoting urban carbon emission
performance more effectively.

(2) The mechanism analysis based on the mediation effect model
shows that energy-saving R&D promotes urban carbon
performance mainly through the transmission mechanism
of technical effects, while structural and urbanization effects
weaken the positive benefits of energy-saving R&D due to the
presence of energy rebound, which ultimately negatively
affect carbon emission performance.

(3) Estimation results of spatial econometric model indicates that
there exist significant spatial spillover effects of energy-saving
R&D on urban carbon emission performance. That is, the
energy-saving R&D not only contributes to the improvement
of carbon emission performance in the local region, but also
helps to promote the carbon emission performance of
neighboring areas and economic factors play a more
important role in this spatial effect.

(4) The impact of energy-saving R&D on carbon emission

obvious

performance  has urban group heterogeneity;
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Specifically, energy-saving R&D in megacities and metropolises
have a strong promotion effect on improving carbon emission
performance, while it is weaker in medium-sized cities and small
cities. Furthermore, energy-saving R&D in both the resource-
based and non-resource-based cities significantly promoted the
carbon emission performance of the cities.

In light of the main research findings above, this study highlights
the following policy recommendations:

Firstly, the primary findings of the benchmark model shows that
energy-saving R&D has a significant improvement in urban carbon
emission performance. Therefore, it is necessary to strengthen
investments in energy-saving R&D and promote the progress and
innovations in energy-saving technologies. China is currently in the
stage of high-quality new industrialization and urbanization, and its
demand for energy consumption continues to be high. In this context, it
is particularly important to reduce carbon emissions through energy-
saving R&D and its innovation outcomes. The heterogeneous impact of
different types of energy-saving R&D on carbon emission performance
indicates that it is important to consider not only the up-front
also  the
characteristics of different types of energy-saving R&D activities

investments in energy-saving R&D but specific
when formulating energy conservation and emission reduction
policies. Local governments should provide financial supports for
energy-saving R&D investments by establishing incentive mechanisms.

Secondly, the heterogeneous impact of different types of energy-
saving R&D on carbon emission performance indicates that it is
important to consider not only the up-front investments in energy-
saving R&D but also the specific characteristics of different types of
energy-saving R&D activities when formulating energy conservation
and emission reduction policies. Given the evident role of utility-type
energy-saving R&D in promoting urban carbon emission performance,
energy conservation and emission reduction policies should give more
prioritize to the utility-type energy-saving R&D and encourage
in these R&D activities.
considering the synergistic effect of invention-type energy-saving
R&D on the utility-type energy-saving R&D, attentions should also
be given to the synchronous development of the invention-type energy-

enterprises to invest Furthermore,

saving R&D. Local governments should provide financial supports for
energy-saving R&D investments by establishing incentive mechanisms,
such as subsidies, tax concessions and spatial funds.

Thirdly, the mediation effect mechanism analysis indicates that
energy-saving R&D promotes carbon emission performance mainly
through the technological effects, while structural effects and
urbanization effects exhibit negative impacts on the carbon
emission performance due to the existence of energy rebound
effect. Therefore, while strengthening the technological effects of
energy-saving R&D, attentions should also be paid to controlling
the energy rebound effect brought about by technological progress.
Reasonable energy pricing mechanisms and stringent environmental
regulations can help reduce energy rebound effects and enhance
industrial thereby
performance. Furthermore, it is necessary to strengthen the high-

structure, improving carbon  emission
quality development of urbanization, promote urban economic
agglomeration, and improve the environmental awareness of urban
residents, so as to improve urban carbon emission performance.
Fourthly, attentions should also be given to the heterogeneity of

energy-saving R&D in different types of urban groups on carbon
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emission performance. According to the research findings of
this study, energy-saving R&D in megacities and metropolises have
a strong promotion effect on improving carbon emission
performance, while it is weaker in medium-sized cities and small
cities. Therefore, local governments should give policy preference to
medium-sized and small cities and set up special funds to support
energy-saving R&D investments. Meanwhile, medium-sized and
small cities should strengthen their own technological innovation
and absorption capabilities, increase investments in energy-saving
R&D activities, and enhance energy-saving technology levels so as to
improve their carbon emission performance.
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Appendix A

TABLE Al Statistical test results of spatial autocorrelation.

2007

Moran's | index

Energy-saving R&D

W,

0.183*** (2.75)

W>

0.202%** (3.85)

Carbon emission

performance

0.215*** (3.63)

W2

0.220%** (3.15)

10.3389/fenvs.2024.1385363

Geary's C index

Energy-saving R&D

0.613*** (~2.58)

Wz

0.620*** (=2.79)

Carbon emission
performance

0.654*** (~3.37)

W>

0.662*** (~3.48)

2008

2009

0.179*** (3.56)

0.198** (2.17)

0.188*** (3.62)

0.193** (2.07)

0.238*** (3.91)

0.225%** (3.60)

0.241*** (3.34)

0.228%** (3.17)

0.619*** (-2.94)

0.624*%* (-2.831)

0.623*** (-3.04)

0.626*** (-3.75)

0.658*** (-2.79)

0.662%** (-3.28)

0.667*** (~3.08)

0.671%%* (-3.35)

2010

0.204*** (3.72)

0.214*** (3.65)

0.237*** (3.08)

0.239*** (2.85)

0.621*** (-2.95)

0.624*** (-3.08)

0.667*** (3.39)

0.674*** (3.18)

2011

0213 (3.14)

0.219%** (3.08)

0.245*** (2.93)

0.248** (2.09)

0.626*** (~2.85)

0.629*** (~3.24)

0.670*** (~3.45)

0.678*** (~3.26)

2012

2013

0.219*** (3.65)

0.243*%* (3.52)

0.224*** (3.79)

0.228*** (3.76)

0.235** (2.17)

0.195%** (3.66)

0.237*** (3.19)

0.220%** (3.52)

0.630*** (-3.27)

0.635*** (-3.14)

0.633*** (-3.56)

0.638*** (-3.72)

0.673*** (-3.62)

0.678** (-3.49)

0.676*** (~3.43)

0.680%** (-3.52)

2014

2015

0.226** (2.19)

0.230%*** (5.05)

0.235** (2.18)

0.239*** (5.01)

0.208*** (3.10)

0.198*** (3.64)

0.226*** (3.68)

0.217** (2.28)

0.639*** (-3.85)

0.643*** (=3.91)

0.642*** (-3.89)

0.646*** (-3.75)

0.681*** (=3.25)

0.676*** (=3.19)

0.683*** (-3.47)

0.686*** (=3.25)

2016

2017

0.236** (2.18)

0.240%** (3.16)

0.245** (2.29)

0.242%%* (4.68)

0.129*** (4.37)

0.224*** (3.57)

0.217*** (4.62)

0.233%** (3.58)

0.637*** (-3.25)

0.630%** (-3.12)

0.640*** (-3.14)

0.635*** (-3.47)

0.673** (-3.52)

0.680*** (-3.47)

0.682*** (=3.17)

0.684*** (=3.25)

2018

0.233*** (3.48)

0.237%* (3.59)

0.231*** (3.29)

0.236*** (3.45)

0.628*** (~3.24)

0.630*** (~3.38)

0.687*** (~3.52)

0.689*** (=3.70)

2019

0.227*** (3.09)

0.232%** (3.64)

0.238*** (3.57)

0.241%* (2.16)

0.620*** (=3.51)

0.627%* (=3.44)

0.690*** (-3.61)

0.694*** (-3.85)

Note: * * *, * *, * indicate significant at the 1%, 5%, and 10% levels, respectively; Z-values in parentheses.
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