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Low-carbon economy is not only an important topic for the globe but also a
serious challenge for China with its economy entering a new level. Based on the
DEA-undesirable model and Malmquist index model, urban agglomeration of the
Yangtze River Delta and the Guangdong–Hong Kong–Macao Greater Bay Area
from 2010 to 2021 were selected as research samples. Based on that, a panel
generalized method of moments model was constructed to analyze the effects of
the education level, technological development, and their interaction on urban
carbon emission efficiency. It found that 1) the carbon emission efficiency of the
Yangtze River Delta and the Guangdong–Hong Kong–Macao Greater Bay Area
urban agglomerations shows a steady growth trend, but the overall level is low and
there are regional differences, amongwhich pure technical efficiencymainly limits
the improvement of comprehensive efficiency; 2) the education level and
technological development have a high positive correlation on urban carbon
emission, and their interaction is conducive to the improvement of carbon
emission efficiency. The carbon emission efficiency has a significant advantage
under the influence of control variables, such as the economic development level,
industrial structure upgrading, opening-up degree, and Internet penetration rate.
3) According to the economic dimension and population dimension, the samples
of the Yangtze River Delta and the Guangdong–Hong Kong–Macao Greater Bay
Area were divided into large cities and small cities, and regression results showed
no substantial changes. It shows that the research conclusion is scientific.
According to the aforementioned conclusion, this paper puts forward
corresponding countermeasures and suggestions.

KEYWORDS

science and technology innovation strategy, urban carbon emission efficiency, education
level, Internet popularization, DEA-undesirable model

1 Introduction

Since the reform and opening up, China has made remarkable achievements with the
transition dividend, investment dividend, and human capital dividend brought about by
market-oriented reforms. Urbanization has increasingly amplified the contradiction between
the economic development and ecological environment with deteriorating environment and
soaring pollutant emission. Among the main pollutants, carbon dioxide is the main culprit
causing the greenhouse effect, destroying the ecological environment and hindering
sustainable development. Carbon emission efficiency, which can accurately estimate
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carbon dioxide emissions per unit of GDP, draws many academics’
attention, who study the environment as a crucial component of
evaluating environmental performance. Therefore, how to improve
carbon emission efficiency has become a problem that people need
to face. In order to identify the ways to achieve carbon sustainability,
governments and academics are committed to researching the
factors that affect carbon emission efficiency.

Theoretically, carbon emission is the result of many factors such
as the development stage, economic structure, and consumption
pattern. As the core driving force in promoting total factor
production and economic transformation, technological
innovation is considered as the main factor affecting carbon
emission. The new endogenous growth theory holds that modern
economic growth mainly comes from human capital, such as
education, training, further learning, medical treatment, and
migration, among which education is the main way of human
capital accumulation. Therefore, it is imperative to explore the
key roles of education and technology on carbon emission efficiency.

To create high-quality development of agglomeration economy,
China has been devoted to optimizing the internal structure of urban
agglomeration and enhancing the capacity of innovative policy to
build an ecological security barrier (Guo et al., 2022). The Yangtze
River Delta and the Guangdong–Hong Kong–Macao Greater Bay
Area are not the only regions with the most prosperous economy,
the highest level of development in education and science and
technology, and the fastest speed of transformation and
upgradation of the industrial structure in China but also low-
carbon pilot cities with the theme of replacing old and new
driving forces, which are highly representative. Thus, this paper
chooses the two urban agglomerations to analyze the effect of
technological innovation on the carbon emission.

At present, China is facing the dual challenge of balancing economic
development and controlling carbon emissions. It is necessary to put
forward this question: Can the “upgrading of education” promote the
carbon emission efficiency of urban agglomeration? Can technology
service industry be used as the future undertaker of economic growth to
improve urban carbon emission efficiency? Based on these two problems,
this paper adopted theDEA-undesirablemodel and theMalmquist index
model, using the Yangtze River Delta and the Guangdong–Hong
Kong–Macao Greater Bay Area urban agglomeration during
2010–2021, as research samples. Based on this, a panel tobit model
was constructed to systematically investigate the impacts of the education
level, technological development, and their interaction on the carbon
emission efficiency of the Yangtze RiverDelta and theGuangdong–Hong
Kong–Macao Greater Bay Area urban agglomeration.

This paper is structured as follows: Section 2 reviews the
previous research studies. Section 3 puts forward the hypothesis
of the influencing mechanisms of technological innovation and
education on carbon emission efficiency. Section 4 illustrates the
methods and data sources, followed by the research results in Section
5. Section 6 presents the conclusion, including the research
limitations and prospects.

2 Literature review

The existing literature has fully demonstrated the important
impact of carbon emission efficiency on economic growth and puts

forward the concepts of carbon productivity (Wang et al., 2017),
carbon emission intensity (Wang and Zheng, 2020), carbon
emission performance (Wang et al., 2020), and carbon emission
accounting (Hu et al., 2022). These studies are closely related to the
coordinated realization of sustainable economic development and
carbon reduction in the Report on TheWork of The Government of
2021. Carbon emission efficiency fully expresses the supporting and
leading role of carbon reduction in high-quality economic
development, consistent with the relevant discussion of opening
up the path of green and low-carbon transformation development
with Chinese characteristics in the academic circle and police
departments.

On the whole, the previous studies on the influencing factors of
carbon emission efficiency are mostly conducted by generalized
method of moments (GMM) estimation in academia, mainly
including the urbanization rate (Zhou et al., 2022), innovation
input (Gao et al., 2019), energy intensity (Lv et al., 2015), and
environmental regulation (Long et al., 2013). Existing studies on
higher education promoting the development of a low-carbon
economy have been relatively mature. Educational level is an
important factor to stimulate public awareness of environmental
protection and to fulfill social responsibilities. Some scholars make
use of CSS2013 data for research, reflecting that the more educated
the workers are, the more likely they are to comply with
environmental laws and regulations and fulfill legal obligations of
environmental protection.

The new information technologies featuring big data, cloud
computing, artificial intelligence, and the Internet of Things are
the core factors driving the rising of the sixth Kondratyev long wave
cycle, with the carbon emission efficiency of cities greatly improved.
Empirical studies by using dynamic spatial econometric models
show the influence of technological innovation on clean combustion
and flexible use of fossil energy. Also, emission reduction can be
achieved by combining carbon capture, usage, and storage (CCUS)
technology and other means (Yang et al., 2021). Some scholars
advocate the concept of low-carbon environmental protection “park
city” and propose that the economic system of low-carbon
development should embrace technological innovation. Carbon
emissions can be reduced by strengthening key generic
technologies of carbon neutrality and zero-carbon industrial
process reengineering technologies through technology fusion
and process optimization (Philip et al., 2022). In addition, other
scholars’ studies on the impact of technological development on
industrial economic efficiency (Li, 2019), regional innovation
performance (Hajek et al., 2019), environmental economy, and
sustainable development (Yang et al., 2020) also provide an
important reference for this paper.

It can be seen that there is a close correlation between the
education level, technological development, and low-carbon
economy. The academic research on low-carbon economy is
mainly devoted to carbon emission efficiency, with the scope
limited at several aspects: first, most existing research only
involved the carbon emission management intensity or single-
factor carbon emission efficiency, with little insight into the total
factor carbon; second, the third-party effect of the education level on
technological innovation and carbon emission efficiency remains to
be examined; third, in terms of the research scale, most studies are
extensively carried out from the international, national, and
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provincial levels, cities, and enterprises, while there are few studies
based on economic circle and urban agglomeration. Different from
existing research studies, this paper specifies the scale of samples
with urban agglomerations through the construction of GMM
estimation to analyze the impacts of the education level,
technological development, and their interaction on urban carbon
emission efficiency.

3 Education and urban carbon
efficiency

The influencing mechanism of education and technology on
carbon emission efficiency is explained in Figure 1.

3.1 Education and urban carbon efficiency

First, education is conducive to the improvement of carbon
emission efficiency. As the public education level and
understanding of environmental protection laws have
increased, the public now frequently uses legal ways to
persuade polluters to cut carbon emissions when their
operations endanger public health. Second, educated human
capital can enhance public awareness of low-carbon
alternatives. To some extent, higher education groups find it
easier to live a low-carbon lifestyle. They can convert theoretical
knowledge into practice and enhance public awareness of low-
carbon living through professional human capital, thus
contributing to carbon emission reduction.

Therefore, the first hypothesis of this paper can be concluded as
follows: H1: Education is conducive to improving urban carbon
emission efficiency.

3.2 Scientific technology development and
urban carbon efficiency

First, the development of scientific technology has opened up
new channels of network supervision. 5G and IPV6 technologies
have dramatically changed the means, medium, and form of
information dissemination. As the public increasingly calls for
the right to know and supervise the environment, they can
participate in the environmental governance through the
environmental reporting hotline “12369,″ national government
affairs service platforms, official Weibo and WeChat accounts,
and other online channels. The pollution emission behaviors can
be restricted to some extent when the reputation and stock price of
polluters get affected by a large amount of pollutants produced,
discharged, and the degree of environmental pollution. Second, the
development and application of low-carbon technologies will reduce
the carbon emission intensity. Technological innovation can
produce profound changes in the future energy structure and
utilization. For example, “electric vehicles,” “semiconductor
lighting,” “clean coal utilization,” and other new energy projects
have improved the efficiency of urban carbon emission. Third,
technological development improves urban carbon emission
efficiency through sharing effects, obtaining innovation
advantages, and realizing the improvement of carbon emission
efficiency. The development of science and technology makes the
connection between cities closer and makes use of formal and
informal relationships to effectively share and integrate human,
financial, material, and other resources, so as to gain innovative
advantages and realize the improvement of carbon emission
efficiency.

On this basis, the second hypothesis can be drawn as follows:
H2: Technology is conducive to improving urban carbon emission
efficiency.

FIGURE 1
Influencing mechanism of education and technology on carbon emission.
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3.3 “Science and technology innovation plus
education” and urban carbon emission
efficiency

As a revolution in the field of social production, “science and
technology innovation plus education” plays an important role in
the allocation of educational resources. On the one hand, higher
education, acting as the incubator of talents and knowledge, meets
the demands of society for innovative professionals in line with the
times. In the process, a new educational ecosystem is often built
where higher education becomes a gathering area and concentration
of innovation, adhering to the educational concept of flexibility,
openness, and diversity. On the other hand, the structure and scale
of higher education can be adjusted through the employment
substitution effect and compensation effect. In other words, the
combination of science and technology innovation and education
replaces the ordinary labor force with artificial intelligence robots to
a great extent and energizes low-carbon economy through distance
education and the integration of educational resources across time
and space, which gives rise to the third hypothesis of this paper: H3:
The deep integration of “technological innovation plus education”
prompts urban carbon emission efficiency.

4 Measurement and analysis of carbon
emission efficiency

4.1 Specification of the model

Data envelopment analysis (DEA) has the defect of scaling up or
reducing in the same proportion based on radial and angle
problems. Traditional non-parametric DEA methods often
overestimate the efficiency of the decision-making unit due to
radial selection and relaxation problems. To reflect the nature of
urban carbon emission efficiency more objectively, Tone proposed
that the relaxation variables of input and output should be directly
placed into a non-angle and non-radial SBM-undesirable model of
the objective function, avoiding input factor redundancy and
undesired error generation in the traditional DEA model (Barros
and Wanke, 2017). Based on this, this paper adopted the
DEA–SBM-undesirable model to evaluate the carbon emission
efficiency of the Yangtze River Delta and the Guangdong–Hong
Kong–Macao Greater Bay Area urban agglomeration. Its model
form is as follows.

Suppose there are n independent decision-making units
(DMUs) in a production system with m inputs. Each DMU has
three corresponding vectors: input factor X, expected output Yg, and
unexpected output Y b, where the input matrix X = {X1,X2,.,Xn}, X >
0; the expected output matrix Yg ={Y1

g,Y2
g,., Yn

g}, Yg>0; and the
undesired output matrix Y b = {Y1

b,Y2
b,., Yn

b}, Yb>0. Assuming that
the unchanged reward scale is the production possibility, we set p=
{(X, Y g, Y b)|X ≥ Xλ, Yg ≤ Ygλ, Yb ≤ Ybλ, λ ≥ 0}, where λ is the density
vector and represents the weight. According to Tone’s method, the
SBM model of non-expected output can be expressed as follows:

ρ* � min
1 − 1

m∑m
i�1

s−i
xλ0

1 + 1
s1+s2 ∑s1

r ≠ 1
s
g
r

ygr0
+∑s2

r ∈ 1
sbr
ybr0

( ) (1)
.

According to the formula, the objective function p* expresses the
efficiency value to be measured, and p*∈ [0,1], where S_ represents
the excess input, Sg represents the insufficient expected output, Sb
represents the redundancy of the unexpected output, and λ is the
weight vector. When p* = 1, S_ =Sg =Sb are all equal to 0, indicating
that S_, Sg, and Sb do not exist when the DMU is completely efficient.
When p*≠1, it means that the DMU is inefficient or has efficiency
loss. In this case, the efficiency can be improved by adjusting the
relaxation scale of the optimization factor of the input and output.

4.2 Data source and variable selection

Urban agglomeration refers to a relatively complete urban
agglomeration functioning as a comprehensive center, which
gathers considerable cities within a certain range through the
modern transportation and information network. The
development of urban agglomeration is an important way to
optimize the urban function and layout. With the proposal of the
new urbanization planning strategy, cities have become the center of
the service industry. In order to specifically reflect the economic
development process of the Yangtze River Delta and the
Guangdong–Hong Kong–Macao Greater Bay Area urban
agglomeration, relevant data are selected, published in China
Urban Statistical Yearbook, Statistical Bulletin of National
Economic and Social Development, and the official website of the
National Bureau of Statistics from 2010 to 2021, with certain missing
statistics supplemented based on interpolation.

The index system is constructed from the perspective of
“resource input–economic output–pollution output,” as shown in
Table 1. The capital input is calculated through the sustainable
inventory method, based on Humphrey’s measure (Humphrey et al.,
1984). The labor input selects employees from various cities over the
years, on the basis of the work of Carvajal et al. (2012). Energy
consumption refers to the work of Azadeh, which measures the
whole society’s electricity consumption (Azadeh et al., 2013). The
expected output refers to the work of Groen (2010 as the base
period); GDP is taken as the index of the desirable output, with the
GDP deflator of each city made by the National Bureau of Statistics
for deflating treatment (Groen et al., 2013). The non-desired output
is calculated by using the calculation method given in the Second
Volume (Energy) of the National Greenhouse Gas Inventory Guide
of IPCC, based on the nine kinds of energy consumed in various
regions and converted into heat and emission coefficients (Behera
et al., 2015).

4.3 Analysis of carbon emission efficiency
results

According to the production function, the weight of the
expected output and the non-expected output is 50% by default
in this paper, and the threshold varying from 0.2, 0.4, 0.6, 0.8, and
1 is set to divide the efficiency value into five levels: low efficiency,
low efficiency, medium efficiency, high efficiency, and efficiency. As
shown in Table 2, there are only 30 efficient cities, accounting for
9.091%; 15 high-efficiency cities (4.545%); and 39 medium-
efficiency cities (11.818%). The number of less-efficient cities
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reached 161 in total, accounting for approximately 48.788%, and
85 inefficient cities (25.758%). The DEA-Solver Pro 5.0 software is
used to make an empirical analysis of the carbon emission efficiency
of the Yangtze River Delta and the Guangdong–Hong Kong–Macao
Greater Bay Area urban agglomeration during 2010–2021. The
result shows that the carbon emission efficiency of the sample is
in an unbalanced state, as demonstrated in the previous academic
literature (Lu et al., 2022). Thus, considerable work has to be carried
out to promote the green and low-carbon transformation of the
energy and resource structure, and the Yangtze River Delta and the
Guangdong–Hong Kong–Macao Greater Bay Area city clusters still
have a lot of room for development to improve the carbon emission
efficiency.

The annual mean variation of carbon emission efficiency in the
Yangtze River Delta and the Guangdong–Hong Kong–Macao
Greater Bay Area urban agglomeration from 2010 to 2021 is
shown in Figure 2. The changes of technical efficiency and
comprehensive efficiency show a trend of homogeneity, which
indicates that technological progress is the main internal driving
force for the improvement of urban carbon emission efficiency (Liu
et al., 2018). The carbon emission efficiency shows a steady growth
trend on the whole, most of which distributes the low-efficiency
stage (0.4 and 0.6), proving that the Yangtze River Delta and the
Guangdong–Hong Kong–Macao Greater Bay Area urban
agglomeration bears the mission of balancing economic growth
and low-carbon development, and science and technology would

TABLE 1 Carbon emission evaluation index system.

Index Variable Measure Source of indicator

The input variable Labor input The total number of employees(ten thousand) Barros, CP; Wanke, P

Capital input Capital stock (100 million Yuan) Humphrey, C R; Gibson, J T; Cox, J F

Energy input Electricity consumption (100 million kW·h) Carvajal, Manuel J; Deziel, Lisa; Armayor, Graciela M

The output variable Desirable output GDP (100 million Yuan) Azadeh, A; Saberi, M; Asadzadeh, SM; Anvarian, N

Undesirable output CO2 emissions (tons) Groen, JJJ; Paap, R; Ravazzolo, F

TABLE 2 Distribution of carbon emission efficiency levels in urban agglomeration from 2010 to 2021.

Efficiency class classification Efficiency grade interval Number of efficiency values Proportion (%)

Inefficiency (0.2,0.4] 85 25.758

Low efficiency (0.4,0.6] 161 48.788

Medium efficiency (0.6,0.8] 39 11.818

High efficiency (0.8,1] 15 4.545

Effective rate 1 30 9.091

FIGURE 2
Global benchmark of carbon emission efficiency from 2010 to 2021.
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become the core driving force for building the future urban carbon
emission reduction system.

As shown in Figure 3, there was a similar state of oscillation in
the trend of the annual Malmquist index of carbon emission
efficiency in the Yangtze River Delta and the Guangdong–Hong
Kong–Macao Greater Bay urban agglomeration from 2010 to 2021.
The urban agglomeration of the Yangtze River Delta increased
slowly from 2010 to 2013, began to decline after 2013, reached
the lowest point in 2017, and then, showed an upward trend with an
average value of 0.541. The Guangdong–Hong Kong–Macao

Greater Bay city cluster was on the rise as a whole and fluctuated
repeatedly from 2010 to 2021, with an average value of 0.527. Based
on the analysis of the changes from 2010 to 2021, it was found that
the growth range of the Yangtze River Delta urban agglomeration
was higher than that of the Guangdong–Hong Kong–Macao Greater
Bay urban agglomeration.

In order to clarify the reasons for the change of carbon emission
efficiency in the Yangtze River Delta and the Guangdong–Hong
Kong–Macao Greater Bay urban agglomerations, this paper also
decomposed the annual Malmquist index of the two urban

FIGURE 3
Carbon emission efficiency of urban agglomeration from 2010 to 2021.

TABLE 3 Carbon emission efficiency of urban agglomeration from 2010 to 2021.

Global benchmark Yangtze river delta Guangdong–Hong Kong–Macao
Greater Bay Area

TE PTE SE TE PTE SE TE PTE SE

2010 0.491 0.601 0.859 0.481 0.590 0.866 0.517 0.630 0.843

2011 0.581 0.642 0.907 0.577 0.636 0.909 0.592 0.656 0.903

2012 0.635 0.701 0.912 0.618 0.700 0.895 0.680 0.704 0.957

2013 0.633 0.693 0.914 0.619 0.693 0.898 0.671 0.693 0.959

2014 0.510 0.569 0.906 0.518 0.590 0.887 0.487 0.512 0.955

2015 0.513 0.582 0.892 0.525 0.610 0.869 0.480 0.509 0.952

2016 0.494 0.584 0.873 0.506 0.616 0.846 0.461 0.497 0.946

2017 0.472 0.562 0.873 0.475 0.579 0.849 0.464 0.514 0.938

2018 0.531 0.660 0.847 0.554 0.714 0.812 0.470 0.517 0.941

2019 0.512 0.645 0.840 0.536 0.695 0.808 0.448 0.512 0.923

2020 0.537 0.624 0.882 0.541 0.642 0.864 0.527 0.574 0.932

2021 0.564 0.603 0.927 0.616 0.655 0.903 0.592 0.624 0.941
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agglomerations, and the results are shown in Table 3. In general, the
efficiency scale of the two urban agglomerations is higher than that of
the technical efficiency of the decade, indicating that the improvement
of carbon emission efficiency is mainly due to the progress of
technology. More specifically, there are obvious gradient differences
between the internal development stage of the Yangtze River Delta
urban agglomeration and the regional economy. For example, different
regions have their own advantages of resources and technology.
Shanghai is the regional leader in terms of education, Jiangsu’s
advanced manufacturing industry is dense, and Zhejiang’s private
economy and Anhui’s emerging industry are developing rapidly.
These resource differentiation and synergic advantages bring high
scientific research output to many emerging cities in the Yangtze
River Delta. However, the Guangdong–Hong Kong–Macao Greater
Bay Area city cluster is losing its original regional merit with the rise of
increasingly prominent problems such as labor price, international
trade friction, and serious environmental pollution in recent years,
despite its superiority in the reform and opening up policies. Except for
Shenzhen, Guangzhou, HongKong, andMacao, other cities show a lack
of sustained momentum for a relatively low proportion of high-tech
industries and knowledge-intensive and technology-intensive
industries. They are dominated by labor-intensive enterprises and
mid-end and low-end manufacturing industries. In general, there is
a small gap in carbon emission efficiency between the Yangtze River
Delta urban agglomeration and the Guangdong–Hong Kong–Macao
Greater Bay urban agglomeration, and there is a trend of synchronous
development for the future for a long time, as the two urban
agglomerations are well matched.

5 Analysis of influencing factors of
“science and technology innovation
plus education” on carbon emission
efficiency

5.1 Model construction and variable
selection

Considering that urban carbon emission efficiency also affects
the development of science and technology innovation and
education, that is, there is a mutual influence between science
and technology innovation, education, and the urban carbon
emission efficiency, the system generalized method of moments
(SYS-GMM) method is selected to estimate the equation model, and
the mixed ordinary least squares (OLS) model is used for
comparison. In addition, in the data pre-processing, in order to
eliminate the influence of extreme values and heteroscedasticity, the
control variables are taken from the natural logarithm, and the
continuous variables are Winsorized at the upper and lower 1%.

We assume that there is a finite fourth-order moment for each
period. However, the (2N*1) vectors,ft(ϑ) and gr(ϑ), are as follows:

ft ϑ( ) � ht × ωt,

where ht � [1, zmt],ωt � Zt − α − βZmt, ϑ � [α, β].

gr ϑ( ) � 1
T
∑T
t�1
ft ϑ( ).

According to the model designed in this study, it is assumed that
there are moment conditions, E[ft(ϑ)] � 0. Also, the GMM model
is used to choose an estimator to make sure that the linear
combination of moment conditions is zero, in particular, for a
certain A matrix. Its rows have dimensions equal to the number
of parameters, and columns have dimensions equal to gt(α) and ϑ,
which makes AgT(ϑ) � 0.

When A* satisfies,

A* � D0S
−1
0 ,

D0 � E
zgt ϑ( )
zϑ

[ ],
S0 � ∑+∞

−∞
E ft ϑ( )ft−l ϑ( )[ ].

Then, the distribution of ϑ is asymptotically normal and satisfies
zN(z, 1T[D0S−10 D0]−1).

Original hypothesis: α � 0; using the consistent estimate Dr and
Sr for D0 and SO, the following statistics are available:

J2 � Tα[R[DTST
−1DT]R]−1αχ2N,

where R � 1N × (1, 0).
We assume for this reason

H0: β � 0,

HA: β ≠ 0.

For this purpose, the validity of the instrumental variable
selection and fitting effect was judged by AR(1), AR(2), and the
Sargan test, and the following model test was established:

lnCEit � β0 + β1 ln ITit + β2 lnEDUit × ln ITit +∑ βn ln controlit

+ εit.

In the aforementioned formula, time is represented by i, region
is represented by t, β0 represents the cross-sectional effect, β1-βn
represents the estimation coefficient, ε represents the random error
term, and “control” represents all control variables.

Explained variables: Considering the possible non-linear effects,
combined with resource utilization and environmental costs, the
natural logarithm of urban carbon emission efficiency (CEE) was
taken for processing.

The instrumental variables used in the GMMmodel are the first
and second lagged terms of the endogenous variables of education
and technology. The reason for using these instrumental variables is
mainly because the lagged terms of the endogenous variables are
directly correlated with the endogenous variables instead of the
dependent variable, which satisfies the conditions for the use of
instrumental variables.

Core explanatory variable: Referring to Varela-Mato’s research
education level (lnEDU), the number of students in urban colleges
and universities (10,000) was measured (Varela-Mato et al., 2012).
According to Yang’s research and technological development degree
(limit), the number of urban researchers (10,000) was measured
(Yang and Wei, 2019). In order to investigate the degree of
substitution and complementarity between science and
technology development and education more conveniently, their
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interaction term, lnEDUxlnIT, was introduced into regression
analysis to improve the reliability of the test.

Control variables: According to domestic and foreign research
results and considering the internal relationship between the
independence and comprehensiveness of index selection, the
following measurement criteria are adopted: The economic
development (ED) level is measured using the GDP growth rate
of each city (Wang et al., 2014). There are obvious differences in the
economic level between the Yangtze River Delta and the
Guangdong–Hong Kong–Macao Greater Bay city clusters, and
the level of economic development directly affects urban carbon
emission efficiency. The industrial structure is measured using the
ratio of the secondary industry to GDP (Chen and Li, 2011). Urban
industrialization makes the rate of resource and environment loss
exceed its carrying capacity, which is bound to interfere with urban
carbon emission efficiency. Foreign direct investment (FDI) is
expressed by the ratio of the total amount of actually utilized
foreign capital to GDP (Ismail and Yuliyusman, 2013), and the
export value is calculated by converting the average exchange rate of
12 months in the current year into RMB. Relying on the regions with
high external orientation, the dependence of the foreign capital in
the Yangtze River Delta and the Guangdong–Hong Kong–Macao
Greater Bay city cluster must be taken into consideration. Internet
popularity is represented by the number of Internet users, referring
to the practices of the China Internet Network Information Center
(CNNIC) and Nepomuceno et al. (2020). The descriptive statistical
results of the main variables are shown in Table 4.

5.2 Correlation analysis

This study used the Pearson correlation coefficient to examine
the correlation among the variables, and the results are shown in
Table 5. According to the correlation analysis, the correlation
coefficient between the educational level (lnEDU) and carbon
emission efficiency (lnCE) is 0.136, which is significantly positive
at 5%, preliminarily verifying hypothesis 1; the correlation
coefficient between the technological development level (lnIT)
and carbon emission efficiency (lnCE) is 0.098, which is
significantly positive at 10%, preliminarily verifying hypothesis 2;

and similarly, the correlation coefficient of the interaction between
the technological development and educational level (lnEDUxlnIT)
and carbon emission efficiency is 0.014, which is significantly
positive, preliminarily verifying hypothesis 3.

In addition, the sample data of this study are an unbalanced
panel data, and Stata commands are used to detect the variance
inflation factor of the variables. The results show that the VIF
coefficients of all explanatory variables are less than 3, indicating
that there is no serious multicollinearity between the observed
variables, and the sample data can be put into the regression
model for further testing.

5.3 Full-sample test

Since this paper uses a model (4.1) system GMM regression
model for analysis of the baseline regression test, robustness test, and
heterogeneity test, the premise of the establishment of the system
GMM regression model needs to pass two tests: first is the
autocorrelation test of the perturbation term; that is, there is the
first-order autocorrelation of the perturbation term, but the second
order and higher order of the perturbation term will not be
autocorrelated, which needs to be tested by using the
Arellano–Bond method; the second is that since multiple
instrumental variables are used, an over-identification test is
required to ensure that the instrumental variables used are all
valid, and the over-identification test requires the Sargan test
after removing the robust standard errors of model I and
regressing it again. Before conducting regression analysis, we also
performed cross-sectional dependence tests on the panel data used
using Pesaran’s test and Friedman’s test. The results, shown in
Table 6, do not reject the null hypothesis that there is no cross-
sectional correlation. This also indicates that there is no
contemporaneous interference in the disturbance term of our
regression, which leads to biased estimation results.

Table 7 reports the estimation results of the systematic GMM
regression model, in which the explanatory variable is the urban
carbon emission efficiency, and the results of the autocorrelation
and over-identification test of the nuisance term of the systematic
GMM regression model show that the p-value of AR(1) is 0.006,

TABLE 4 Descriptive statistical analysis.

Variable Observation Average Median Standard deviation Minimum value Maximum value

lnCE 330 0.803 0.869 0.956 −1.146 3.394

lnEDU 330 1.900 1.787 0.980 0.185 4.723

lnIT 330 −0.148 −0.460 1.218 −2.408 3.027

lnEDUxlnIT 330 0.672 −0.644 3.454 −2.665 13.24

lnED 330 3.875 3.809 0.746 2.112 5.952

lnID 330 3.856 3.885 0.188 2.787 4.325

EDU 330 64.84 45.12 59.65 8.269 384.4

lnINT 330 −0.736 −0.844 1.215 −3.219 3.544

lnFDI 330 3.875 3.809 0.746 2.112 5.952
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which is less than 0.1 over the significance test, while the p-value of
AR(2) is 0.803, which is higher than 0.1. It shows that the
perturbation term has the first-order autocorrelation at the 1%
significance level, but no second-order autocorrelation. Also, it
can be decided that the model difference equation avoids residual
autocorrelation, so system GMM regression model I passes the
autocorrelation test of the perturbation term. In addition, because
system GMMmodel I uses instrumental variables, it also needs to be
tested for over-identification of instrumental variables, and after
removing the robust standard deviation and regression again, the
Sargan test is performed, and the p-value of 0.692 is obtained, which
is higher than 0.1; that is, the original hypothesis of “all instrumental
variables are valid” is accepted, so the model I passed the over-
identification test for instrumental variables, indicating the
reasonableness of the selection of instrumental variables and the
applicability of the data to the systematic GMM model for
estimation.

The results of the systematic GMM and mixed OLS estimation
are reported in model I in Table 7. It was found that the coefficient of
education level positively affecting urban carbon emission efficiency
is 0.126, which implies that the education level can promote urban
carbon emission efficiency, and the results are consistent with the
original hypothesis, and a similar finding was presented by Chao An
(Liu et al., 2018). The public has the right to know, participate,
express, and supervise carbon emissions, and the education level of
workers is an important factor affecting environmental protection.
Strengthening the education and publicity of carbon emission
reduction will provide a good social atmosphere and a solid
social foundation for improving the efficiency of urban carbon
emissions and building a beautiful China. Accordingly,
hypothesis 1 is confirmed. The regression coefficient of the level
of science and technology development affecting urban carbon

emission efficiency in model II is 0.214, which is significantly
positive at the 1% level and both pass the 1% significance level
test, and this study accepts the original hypothesis, which is similar
to the results of Wang et al.’s (2022b) study. China’s scientific and
technological innovation is still in its infancy and has a wide space
for development, and while broadening the breadth of energy
sources, scientific and technological innovation can also promote
energy efficiency, reduce total energy consumption, and use the
spillover effect of technological efficiency to offset the expansion
effect of carbon emissions in the production and living process and
ultimately promote the efficiency of carbon emissions. Accordingly,
hypothesis 2 is confirmed.

In addition, in order to make a comparison and to judge whether
the regression results of GMM are robust or not, OLS (model II)
withmixed regression is attached, and from the results, it can be seen
that the text robustness test is a success.

According to the social survey report in the Statistical Bulletin of
National Economic and Social Development of the People’s
Republic of China in 2021, the main causes of urban
environmental pollution are the excessive use of high-carbon
energy (42.7%) and the limited environmental awareness of the
public (35.6%). This reveals that the carbon emission efficiency of
the Yangtze River Delta and the Guangdong–Hong Kong–Macao
Greater Bay Area urban agglomerations is closely related to levels of
science and technology and education. In model 4, the interaction
term (lnEDUxlnIT) between science and technology development
and education level was verified, and the corresponding coefficient
of the interaction term was significantly positive. It proves that
higher education could maintain and even enhance the positive
influence of science and technology development on carbon
emission efficiency to a certain extent. With the improvement of
the education level, people gradually increase their awareness of
energy conservation and emission reduction and pay more attention
to the improvement of the quality of life. Thus, the contradiction of
the low utilization rate of science and technology caused by the low
education level can be effectively resolved. This finding
demonstrates hypothesis 3.

As we all know, in terms of the series of control variables, the
results represented by model 4 indicate that the regression

TABLE 5 Correlation analysis results.

lnCE lnEDU lnIT lnEDUx ~ T lnED lnID EDU lnINT lnFDI

lnCE 1

lnEDU 0.136** 1

lnIT 0.098 0.802*** 1

lnEDUxlnIT 0.014 0.815*** 0.903*** 1

lnED 0.755*** 0.166*** 0.0800 0.009 1

lnID 0.167*** 0.416*** 0.328*** 0.477*** 0.132** 1

EDU 0.707*** 0.231*** 0.173*** 0.046 0.889*** 0.0930 1

lnINT 0.004 0.457*** 0.403*** 0.487*** 0.005 0.236*** −0.0420 1

lnFDI 0.755*** 0.166*** 0.0800** 0.009* 0.089** 0.132** 0.889*** 0.005* 1

VIF 1.23 1.17 1.29 1.15 1.28 1.36 1.45 1

TABLE 6 Cross-sectional dependence test.

Statistic p-value

Pesaran’s test 0.909 0.363

Friedman’s test 16.908 0.596
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coefficient of the economic development level on urban carbon
emission efficiency is 0.159 and significant at the 1% level, which is
consistent with the study of Luo (Yang et al., 2019a). The
improvement of the economic development level in the Yangtze
River Delta and the Guangdong–Hong Kong–Macao Greater Bay
Area urban agglomerations is conducive to the upgrading of the
energy consumption structure, which stimulates the emergence of
new technologies, thus greatly improving the utilization efficiency of
clean energy and carbon emission reduction. The effect of the
industrial structure on urban carbon emission efficiency is
significantly positive, and the regression coefficient is 0.080,
which passes the significance test of 1%, consistent with the
study of Li (Li et al., 2017). With the continuous advancement of
the industrial upgrading degree, the proportion of low-end
industries with high energy consumption and high pollution
decreases and gradually shifts or withdraws from the stage of
economic development, while strategic emerging industries and
high-end manufacturing industries become the pillar industries of
industrial economy and even the whole economic system. In recent
years, technology-intensive industries, such as new energy vehicles,
industrial robots, integrated circuits, biomedicine, and aerospace
equipment manufacturing, in the Yangtze River Delta and
Guangdong–Hong Kong–Macao Bay area have become new
engines of driving economic growth, while the growth of labor-
intensive industries, such as metal manufacturing, garment and
textile, food processing, and building construction, has slowed
down, and the manufacturing industry has moved from the
middle- and low-end levels to the middle- and high-end levels,
which greatly improves the efficiency of urban carbon emissions.
The regression coefficient of the degree of external development is
positive and significant, which is consistent with the findings of Qu
(Yang et al., 2019b). As enterprises in the Yangtze River Delta and
the Guangdong–Hong Kong–Macao Greater Bay Area continue to

become global, the overseas investment allows enterprises to break
down trade and tariff barriers in the international market, alleviating
the inhibitory effect of factor market distortions in improving urban
carbon efficiency and, thus, improving resource mismatch. With a
positive coefficient of 0.362 and passing the 1% significance level
test, Internet development on carbon emission efficiency also
provides information support for the improvement of carbon
emission efficiency, which is in line with the findings of Yang
(Yang et al., 2022). People who use the Internet platform can
supervise and report the events that violate the environmental
system, especially in the Yangtze River Delta and
Guangdong–Hong Kong–Macao Greater Bay Area city clusters,
where the Internet infrastructure is well built, and the Internet
publicity is extremely popular than the traditional paper media,
which is more conducive to significantly improving carbon emission
efficiency.

5.4 Heterogeneity test

To ensure the reliability of the research results, the following
heterogeneity test is conducted: the Yangtze River Delta urban
agglomeration and the Guangdong–Hong Kong–Macao Greater
Bay urban agglomeration are divided into large cities and small
cities using the economic dimension and the population dimension.
The regression results are detailed in Table 8. The particularity of
urban agglomerations becomes more and more obvious when the
differences become increasingly larger.

Considerable scientific reports and literature all believe that
carbon dioxide emission is prone to the developing areas. Due to
the lack of funds, transportation, science and technology, and
education resources, less-developed cities produce urban carbon
emissions (Jie et al., 2015). Considering that the carbon emission

TABLE 7 Estimation results of the effects of the education level and technology development level on the efficiency of urban carbon emissions.

ModelⅠ ModelⅡ

System GMM Hybrid OLS

EDU 0.126*** (2.784) 0.021*** (2.318)

IT 0.214*** (−4.761) 0.139*** (−3.392)

EDU x IT 0.349*** (1.834) 0.284*** (1.732)

lnEDUxlnIT 0.231*** (1.092) 0.210*** (2.371)

LnED 0.159*** (3.729) 0.326* (1.632)

LnID 0.080** (3.698) 0.115*** (3.519)

LnFDI 0.189*** (1.479) 0.154*** (1.021)

LnINT 0.362*** (−5.903) 0.479*** (−5.048)

Constant term 0.669** (3.821) 0.134*** (3.063)

AR(1) Pro b 0.018

AR(2) Pro b 0.803

Sargan Pro b 0.692

*** indicates passing the 1% significance level test, ** indicates passing the 5% significance level test, * indicates passing the 10% significance level test, and data in parentheses are t-values. The

statistics in the brackets represent “t”; ppp, pp, and p show significance at the 1% level, 5% level, and 10% level, respectively.
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efficiency is economically oriented, the sample urban
agglomerations are divided as large-scale cities and small-scale
cities based on GDP and the population size. As shown in
Table 8, the regression coefficients of 0.167 for large-scale cities
and 0.389 for small-scale cities significantly contribute to the carbon
emission efficiency of the Yangtze River Delta city cluster and the
Guangdong–Hong Kong–Macao Greater Bay city cluster at the 5%
and 1% levels, respectively, in terms of the education level. In terms
of science and technology development, the regression coefficient of
1.158 passed the 1% statistical significance test for large-scale cities
and 2.069 passed the 5% statistical significance test for small-scale
cities, and the heterogeneity is not significantly different in terms of
science and technology development. In terms of the interaction
term between science and technology innovation and education
level, the coefficient of the interaction term 0.146 is significantly
positive at the 1% level for large-scale cities and 0.127 is significantly
positive at the 5% level for small-scale cities. The results show that
the heterogeneity in the economic dimension between the Yangtze
River Delta city cluster and the Guangdong–Hong Kong–Macao
Greater Bay city cluster is mainly manifested in the gap of the
education level, where the excellent education resources in large
cities tend to be saturated, and too much investment is of little
significance to improve urban carbon emission efficiency; small
cities have fragile education ecology and are still in the period of
rapid expansion of education scale, and strengthening education
investment has a significant effect on the intensity, trend, and level of
improvement of urban carbon emission efficiency.

It is well known that population, as one of the dynamic elements of
the environment, have an impact on carbon emission efficiency through
production, living and consumption behaviors (Liu et al., 2021). China
is a vast and populous country, and while urban population expansion
provides a favorable environment for capital accumulation in science
and technology and education in the Yangtze River Delta city cluster
and the Guangdong–Hong Kong–Macao Greater Bay city cluster, it
also leads to an increase in CO2 emissions. Therefore, the same
heterogeneity exists at the level of the urban population size. Here,
cites with a permanent resident population over 1 million are set as
large-scale cities, while others with 500,000 to 1 million are set as small-

scale cities. As shown in Table 8, in terms of the education level, both
large-scale and small-scale cities improving their education level
significantly enhance urban carbon emission efficiency at the 1%
confidence level, with regression coefficients of 0.284 and 0.176,
respectively, which is not a significant difference. In terms of science
and technology development, the regression coefficient for large-scale
cities is 0.209 and passes the 5% statistical significance test, while the
regression coefficient for small-scale cities is 0.281 and passes the 1%
statistical significance test. In terms of interaction between science and
technology innovation and education, the coefficient of the interaction
term 0.046 is significantly positive at the 1% level for small-scale cities,
while it is not significant for large-scale cities. The results indicate that
the heterogeneity in the population dimension between the Yangtze
River Delta urban agglomeration and the Guangdong–Hong
Kong–Macao Greater Bay urban agglomeration is mainly manifested
in the gap of science and technology level. Small cities are limited by the
volume of education and the level of science and technology
development, coupled with the lack of location advantages, such as
capital, location, policies, and labor. Also, enterprises have vicious
competition in limited resources, policies, and projects and
insufficient capacity in low-carbon technology research and
development. Large urban cities are able to meet the needs of urban
low-carbon economic development in terms of market space, network
infrastructure, capital, and talent, etc. With the support of science and
technology, the development and application of low-carbon clean
energy and energy-saving low-carbon technologies are more
conducive to enhancing the efficiency of urban carbon emissions.

6 Conclusion and recommendation

6.1 Conclusion

To explore the effects of higher education level (lnEDU),
technological development (lnIT), and their interaction terms
(lnEDUxlnIT) on carbon emissions efficiency, the GMM model was
used to construct a GMMmodel by analyzing macro andmicro data of
the carbon emission efficiency of the Yangtze River Delta city cluster

TABLE 8 Heterogeneity test.

Economic dimension heterogeneity Population dimensional heterogeneity

Large-scale cities Smaller cities Large-scale cities Smaller cities

Variable Model 1 Model 2 Model 3 Model 4

EDU 0.167** (1.14) 0.389*** (1.79) 0.284*** (2.18) 0.176*** (3.17)

IT 1.158** (−5.00) 2.069** (−1.43) 0.209** (−1.17) 2.081*** (−5.55)

EDU x IT 0.146** (4.00) 0.127** (1.30) 0.351 (2.37) 0.046*** (4.72)

LnED 0.386** (3.57) 0.312** (1.39) 0.057 (1.53) 0.272** (2.84)

LnID 0.053 (0.317) 0.647** (1.17) 0.374** (1.31) 0.486* (1.73)

LnFDI 0.419** (1.203) 0.158** (1.43) 0.152** (1.25) 0.301** (2.47)

LnINT 0.167** (1.206) −0.005 (−0.16) 0.234 (0.12) 0.104* (1.49)

Constant term −5.094*** (−1.67) −5.438*** (−2.50) −4.482*** (−4.29) −7.403*** (−5.18)

*** indicates passing the 1% significance level test, ** indicates passing the 5% significance level test, * indicates passing the 10% significance level test, and data in parentheses are the t-values.
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and the Guangdong–Hong Kong–Macao Greater Bay Area city cluster
from 2010 to 2021. The findings are as follows.

In terms of time trends, the overall carbon emission efficiency of the
Yangtze River Delta and Guangdong–Hong Kong–Macao Greater Bay
urban agglomerations is low and on the rise from 2010 to 2021, and the
increasing emission efficiency of the urban agglomerations is mainly
driven by technological progress; in terms of geography, the carbon
emission efficiency of the Yangtze River Delta urban agglomeration
grows faster than that of the Guangdong–Hong Kong–Macao Greater
Bay urban agglomeration. The results of the full-sample regression show
that the impact of higher education, technological development, and their
interaction on urban carbon emissions has a high positive correlation.
Carbon emission efficiency has a positive effect under the influence of
control variables such as the level of economic development, industrial
structure upgrading, the degree of foreign development, and the
popularity of the Internet. The regression results of the heterogeneity
test show that the carbon efficiency of the Yangtze River Delta urban
agglomeration and the Guangdong–Hong Kong–Macao Greater Bay
urban agglomeration show divergent characteristics in different levels of
cities, but the significance and direction of the key variables do not change
substantially.

6.2 Suggestions for countermeasures

In response to the research results, this study proposes four
recommendations: first, establishing a long-term mechanism for
securing capital investment, rewarding, and recommending in
science and technology, higher education, and other fields to
increase financial support for research and development fund
projects, especially for technological innovation projects of high-
tech enterprises; second, strengthening the protection of intellectual
property rights, promoting the application of energy-saving and
emission reduction technology achievements, and increasing
technology market turnover (carbon capture and storage and
other technologies) through multiple platforms online and
offline; third, improving institutional accountability in the energy
sector, establishing a compensation system for the ecological
environment, an incentive system for low-carbon innovation, and
a low-carbon GDP assessment system to curb the disorderly
development of industries with high pollution and energy
consumption, and vigorously developing high-output, low-energy
consumption and low-emission service industries; and fourth,
promoting the collaboration between enterprises, universities, and
research institutions and implementing a number of incentives to
cultivate skilled personnel in the cutting-edge field, so as to help
China move to the middle and high end of the global carbon
emission reduction value chain.

6.3 Research limitations and outlook

Based on the panel data of the Yangtze River Delta and
Guangdong–Hong Kong–Macao Greater Bay Area cities from
2010 to 2021, this paper constructs a panel GMM model to
analyze the effects of education level, technological development,

and their interaction on the efficiency of urban carbon emissions
and proposes relevant recommendations in the hope of
contributing to the global environmental pollution control.
One limitation of this study is about other models, such as the
Tapio decoupling model and the semi-parametric space panel
vector antiregression model. They can be used to further analyze
the complex relationship between education level, technological
development, and the interaction between them on urban carbon
emissions in the future study. In addition, this study analyses data
at a macro level and does not take into account the particular
situation of the economic, educational, and technological
development of urban agglomerations. There is a need to
further study the population and other aspects of information
to enrich and improve the conclusions.
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