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Abstract: The digital economy plays an important role in the high-quality development of cities,
and low-carbon urban development is an integral part of this evolution. Therefore, it is important
to explore the impact of the development of the digital economy on urban carbon emissions. By
considering 21 cities in Guangdong Province as the object of the research, this study measured
the levels of the digital economy from 2011 to 2019 by using an entropy weight-based TOPSIS
model, analyzed the spatiotemporal changes, and used geographically and temporally weighted
regression to examine the spatiotemporal heterogeneity of the impact of the digital economy on urban
carbon emissions. The results showed the following: (1) The development of the digital economy
in Guangdong Province in general exhibited a stable trend of growth, and the average level of its
development in the 21 cities considered increased by 3.4 times during the study period. (2) The level
of development of the digital economy in the Pearl River Delta was significantly higher than that in
northern, western, and eastern Guangdong, with Shenzhen being the most developed city in this
regard (0.8473), and Shanwei being the least developed (0.0633). (3) The impact of the development of
the digital economy on carbon emissions had significant spatiotemporal heterogeneity. The benefits
of the development of the digital economy in terms of a reduction in carbon emissions was the most
significant in the Pearl River Delta, and regional differences were prominent. (4) The reductions
in carbon emissions in cities with a highly developed digital economy were more significant than
has been reported in past studies in the area. However, it had a negative effect on the urban carbon
emissions in cities with a poorly developed digital economy. The results of this study can be used to
guide policies related to the high-quality development of the urban digital economy.

Keywords: digital economy; carbon emission reduction; Guangdong Province; spatial heterogeneity

1. Introduction

Global climate change poses a daunting threat to the survival and prosperity of
humanity. Greenhouse gas emissions (mainly, carbon dioxide) generated by the activities
of human production are a major contributor to climate change [1–3]. As the major hub of
human agglomerations [4], cities are responsible for about 75% of global carbon dioxide
emissions, while occupying only 2% of land on Earth [5]. The relevant research has shown
that about 60% of global carbon emissions are generated by only 20% of the world’s high
emitters and are mainly concentrated in large cities [6]. Thirty-five cities in China generate
40% of the country’s energy and carbon dioxide emissions [7,8]. Cities are, thus, energy-
intensive areas with high levels of emissions [9,10]. We, therefore, need to attend to the role
of cities in reducing global carbon emissions to achieve the goals of low-carbon, green, and
high-quality development [11].

The emergence and extensive use of information and communication technology (ICT)
at the turn of the century spawned the digital economy. It has since become ubiquitous
because of the proliferation of the Internet and has significantly improved the scope
and efficiency of enterprises in producing and providing goods and services [12]. The
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digital revolution and, thus, the digital economy have penetrated into all modes of social
reproduction, distribution, exchange, and consumption, and are driving high-quality global
economic development. The digital economy has gradually become an important part
of China’s national economy as well [13]. According to data from the White Paper on
the Development of China’s Digital Economy, the contribution of the digital economy to
national income rose from CNY 9.5 trillion in 2011 to CNY 39.2 trillion in 2020, and its ratio
of China’s GDP increased to 38.6% at a rate of 9.7% in this period. This is much higher than
the nominal rate of growth of the GDP in the same period.

The development of the digital economy has led to many changes, and its effect in
improving the environment has lately emerged as a focus of research. The relationship
between the digital economy and carbon emissions has also attracted interest. Research has
shown that the development of the digital economy can improve China’s carbon-related
productivity [14], the use of ICT can reduce carbon emissions [15], and the development of
the Internet has significantly improved energy efficiency and reduced carbon emissions [16].
The development of the digital economy can, thus, reduce the emission of various pollu-
tants, drive the development of low-carbon industries, and reduce the intensity of carbon
emissions [17] to reduce urban emissions [18]. On the one hand, the development of the dig-
ital economy can reduce material consumption, and such low-carbon technologies such as
e-books, email, video conferencing, and paperless offices can reduce resource consumption
and carbon emissions [19]. On the other hand, the use of new technologies has enriched
the methods for environmental monitoring and provided the relevant data in a timely
manner. The use of the Internet has also enhanced public awareness of and participation in
environmental protection [20]. Moreover, the digital economy can promote technological
progress as well as industrial transformation, eliminate industries that consume a large
amount of energy and emit greenhouse gases, and promote green and high-quality urban
development by optimizing the industrial structure of cities [21–23].

As the development of the digital economy can promote a reduction in urban carbon
emissions [24–27], it is pertinent to ask whether its continued development will further en-
hance or reduce its benefits in terms of emissions reduction, and whether cities with varying
levels of development of the digital economy reap these benefits. In this study, the authors
measure the levels of development of the digital economy in 21 cities in the Guangdong
Province of China from four perspectives, the digital infrastructure, the development of the
digital industry, innovations in digital technology, and digitally inclusive finance, based on
the entropy weight-based technique for order preference by similarity to an ideal solution
(TOPSIS) model, and analyze the spatiotemporal changes in its structure [28]. We then use
the geographically and temporally weighted regression (GTWR) model to study the effects
of the digital economy in terms of reducing urban carbon emissions, to examine the spa-
tiotemporal heterogeneity of its impact. The results verified spatiotemporal heterogeneity
in its effect, such that regional differences in the development of the digital economy have
led to differences in its effect on reducing carbon emissions. The carbon emissions of some
of the cities considered here were even found to have significantly increased in the course
of the development of the digital economy. The work here complements prevalent research
in the area and aims to provide a valuable scientific basis and a theoretical reference for
promoting the digital economy, as well as high-quality urban development.

2. Materials and Methods
2.1. Entropy Weight-Based TOPSIS Model

The development of the digital economy is a multi-dimensional phenomenon. In
light of past work in the area [29–31], we use the entropy weight-based TOPSIS model to
measure its development in the four dimensions described above (Table 1).
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Table 1. Comprehensive system to measure the development of the digital economy.

Target Layer Guidelines’ Layer Indicator Layer Indicator Description (Unit) Efficacy

Digital economy

Digital infrastructure
Broadband Internet basics Number of Internet users per 100 people

(households) +

Mobile Internet basics Number of mobile phone subscribers
per 100 people (households) +

Development of the
digital industry

Internet business output Total telecommunications business
(million yuan) +

Postal business output Total postal business (million yuan) +

Digital technological
innovation

Investment in science
and technology

Science and technology research and
development funds (million yuan) +

Digital industry foundation
Number of workers in information

transmission, computer services, and
software (tens of thousands)

+

Digital financial
inclusion

Breadth of digital
financial inclusion

Digital financial inclusion coverage
breadth index +

Depth of use of digital
financial inclusion

Index of the depth of digital
financial inclusion +

The entropy weight-based TOPSIS model is a multi-objective method for analyzing
decisions that consists of the entropy weight-based method and the TOPSIS method.
The entropy weight-based method is first used to determine the objective weights of the
evaluation indices according to the degree of changes in them, and TOPSIS is then used
to quantitatively rank the levels of development of the digital economy of 21 cities in
Guangdong Province. The entropy weight-based TOPSIS method has the advantages
of objectivity, accuracy, and scientificity, such that it can avoid the deviations caused by
subjective factors while evaluating the advantages and disadvantages of currently available
indicators to yield objective and reasonable results [32]. The specific steps are as follows:

(1) Assuming that there are m objects to be evaluated and n evaluation indicators for
each, construct the original judgment matrix X:

X =
(
xij
)

m×n(i = 1, 2, · · · , m; j = 1, 2, · · · , n) (1)

(2) Standardize the judgment matrix and construct the standardized matrix Z:

Positive indices : zij =
xij −min

(
xij
)

max
(

xij
)
−min

(
xij
) (2)

Negative indices : zij =
max

(
xij
)
− xij

max
(
xij
)
−min

(
xij
) (3)

where i represents the city and j the corresponding indicator, Xmax and Xmin represent the max-
imum and minimum values of Xij, respectively, and Z represents the standardized values.

(3) Calculate the weight W of the index: The entropy method can use the information
inherent in the evaluation index to reflect the effect of its value [33]. This compensates
for the shortcomings of the subjective assignment of values. The process of calculation is
as follows:

1© Use the standardized value to calculate the proportion Pij of the value of the i-th
object of the evaluation under item i:

Pij = Yij/
m

∑
i=1

Yij (4)
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2© Calculate the informational entropy ej:

ej = −k
m

∑
i=1

Pij ln Pij, k = 1/ ln m (5)

3© Calculate the weight of each indicator wi:

wi =
1− ei

∑m
1 (1− ei)

(6)

4© Build the weighted matrix R:

R =
(
rij
)

m×n, rij = ωj · xij (i = 1, 2, · · · , m; j = 1, 2, · · · , n) (7)

5© Determine the optimal solution S+
j and the worst solution S−j :

S+
j = max

(
r1j, r2j, · · · , rnj

)
, S−j = min

(
r1j, r2j, · · · , rnj

)
(8)

6© Calculate the Euclidean distance between each scheme, and the optimal and
worst solutions:

sep+i =

√√√√ n

∑
j=1

(
s+j − rij

)2
, sep−i =

√√√√ n

∑
j=1

(
s−j − rij

)2
(9)

7© Calculate the relative proximity Ci of each evaluation object to the optimal solution:

Ci =
sep−i

sep+i + sep−i
, Ci ∈ [0, 1] (10)

In the above, the larger the value of Ci is, the better is the corresponding object of
evaluation. This represents a higher level of development of the digital economy.

2.2. Geographically and Temporally Weighted Regression Model (GTWR)

A geographically weighted regression model (GWR) incorporates spatial elements
and is based on a global regression model with non-parametric regression [34]. Its general
form is as follows:

Yi = βo(ui, vi) +
p
∑

k=1
βk(ui, vi)xik + εi; k = 1, 2, . . . p; i = 1, 2, . . . , n (11)

In Equation (11), the k-th explanatory variable of the observation unit i is xik, (ui, vi) are
the coordinates of i, βk(ui, vi) is a geographic location function, and εi is the residual term.

To overcome the problem whereby the GWR model cannot process spatiotemporal
data, Huang et al. extended it by introducing time (T) to obtain a geographically weighted
spatiotemporal model of regression [35–37]:

yi = βo(ui, vi, ti) +
p
∑

k=1
βk(ui, vi, ti)xik + εi; i = 1, 2, · · · , n (12)

In Equation (12), ti is the time coordinate of the observation unit i, βk(ui, vi, ti) is an
unknown parameter of i, and εi is an independent and identically distributed residual term.

The GTWR model is designed to simultaneously process non-stationary spatiotempo-
ral data [38,39]. We used it along with variables representing the level of development of
the digital economy to explore the spatiotemporal heterogeneity of their impact on urban
carbon emissions. Tests on significance and multiple collinearity were performed on the
selected variables, and the results (Table 2) showed that the VIF value of each variable
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was smaller than 10 and there was a significant correlation between them. This suggests
that none of the influential factors considered were multi-collinear, that is, the variables
had been reasonably selected. The model measured the reduction in carbon emissions
brought about by the development of the digital economy in different regions during the
study period (2011–2019), where this can explain the spatiotemporal heterogeneity of its
effects. The advantage of GTWR models is that each model is local with respect to time and
location, and this makes the final model more representative than the global model.

Table 2. Description of the variables.

Influential Factors Explanatory
Variables Variable Descriptions (Units) VIF

Digital economy LEDE Measure of the level of development
of the digital economy 3.2609

Industrial structure INDS Ratio of secondary industry (%) 1.8354
Level of economic

development LEED GDP per capita (million yuan) 5.8713

Level of urbanization LEUB Ratio of urban population (%) 5.3295
Level of openness to the world LEOP Total import and export ratio (%) 2.2553

2.3. Study Areas and Data Sources

As the first province in China to develop a digital economy, Guangdong has since
been at the forefront of the digital revolution in the country and has ranked first in all the
provinces in the country in terms of total revenue based on the digital economy from 2017 to
2021. Its digital economy was worth CNY 5.9 trillion in 2021, 47.5% of its GDP. Guangdong
has the largest added value due to the digital economy and digital industrialization of all
the provinces in China [40]. However, the cities of Guangdong vary considerably in terms
of the natural resources, geographical location, level of development, and structure, such
that a regional imbalance in the develop of the digital economy is prominent [41–43]. It
is, thus, a suitable object for research to explore the spatiotemporal heterogeneity of the
effect of the digital economy in reducing carbon emissions. We chose 21 cities from the
Guangdong Province to this end (Figure 1).
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All the data used in this study to measure the level of development of the digital
economy were derived from the Guangdong Statistical Yearbooks (2011–2021), the Guang-
dong Science and Technology Yearbooks (2011–2021), and the China Digital Financial
Inclusion Index (https://idf.pku.edu.cn/index.htm, accessed on 23 December 2022), mea-
sured by the Digital Finance Research Center of Peking University, in cooperation with
Ant Financial Services Group. We used data on carbon emissions from the carbon emis-
sion inventory of the Chinese cities in the China Carbon Accounting Database (CEADS)
(https://www.ceads.net.cn/data/city/, accessed on 23 December 2022). The very small
amount of missing data was compensated for by interpolation.

3. Results and Analysis
3.1. Spatial Distributions of Digital Economy and Carbon Emissions in Guangdong Province

The results of the calculations on the digital economies of 21 cities in Guangdong
Province (Figure 2) reflected a steady trend of growth. The average level of development
of the digital economy increased by 3.4 times during the study period. The levels of
development of the digital economy in Guangzhou, Shenzhen, Dongguan, Foshan, Zhuhai,
and other cities in the Pearl River Delta were significantly higher than those of cities in
the eastern, western, and northern areas of Guangdong. These cities are, thus, central to
the development of the digital economy in the province. The Chaoshan region of east
Guangdong formed the second echelon of development, while Jieyang, Chaozhou, and
other cities, which have contributed significantly to the development of the digital economy
in east Guangdong, formed the second hub of this evolution. Cities in north and west
Guangdong were in the third echelon and lagged behind the other regions.
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Delta, east Guangdong, west Guangdong, and north Guangdong.

To explore the characteristics and evolution of the spatial distribution of the digital
economy in Guangdong Province, we used ArcGIS 10.2 software to visualize it in the study
area based on the results from 2011, 2015, and 2019, as shown in Figure 3.
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Figure 3. The spatiotemporal evolution in the level of development of the digital economy in
Guangdong Province.

The pattern of development of the digital economy in Guangdong Province generally
exhibited a central aggregation, with Guangzhou and Shenzhen at the core, and a stepwise
decline from the cities in the Pearl River Delta to the east, west, and north. On the one hand,
the development of the digital economy in Guangdong exhibited a trend of polarization
that was manifested in the spatial pattern of “high in the center and low in the surrounding
areas,” with significant regional differences. Shenzhen’s digital economy was well ahead
of those of the other cities in Guangdong, and this advantage was reflected in its annual
expansion. Shenzhen’s level of development of the digital economy (0.79) in 2019 was 36%
higher than that of Guangzhou (0.58), the second most developed city, and about 13 times
higher than that of Heyuan City (0.06), which had the least developed digital economy. On
the other hand, the development of the digital economy in the province exhibited a trickle-
down trend that was manifested in its diffusion from the core to the surrounding cities. This
is because such core cities as Guangzhou and Shenzhen influenced the development of the
digital economy in neighboring cities through a spillover of digital technology. Moreover,
the diffusion of digital resources from the core cities has improved the pattern and structure
of urban development, due to the optimal allocation of the relevant resources [44].

To explore the spatial distribution and evolution of carbon emissions in Guangdong
Province, we used ArcGIS 10.2 to map carbon emissions in the 21 cities from 2011 to 2019
(Figure 4). Carbon emissions in the study area were concentrated in cities in the Pearl River
Delta, with prominent regional differences. Specifically, we found the following: (1) Carbon
emissions in the Pearl River Delta were high, led by Guangzhou. (2) Although carbon
emissions in West Guangdong were low, they were prominent relative to areas other than
the Pearl River Delta and exhibited a trend of continuous growth. (3) The carbon emissions
of the 21 cities in Guangdong Province considered here were similar to the spatial patterns
in the development of their digital economies, that is, the Pearl River Delta region was
prominent, while the other areas lagged behind.
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3.2. Results of the GTWR Model
3.2.1. Credibility Analysis

To verify the soundness of the proposed GTWR model, we compared it with the OLS
regression, GWR, and TWR models in terms of variance and the degree of fit of the results
by using the same variables. The results in Table 3 show that the GTWR model yielded a
significantly better fit than the other three models. In addition, the values of AICc in the
GTWR model were smaller than those of the other three, and a magnitude of difference of
greater than three indicates that it had a higher validity.

Table 3. The performance of the OLS, GWR, TWR, and GTWR models.

Model GTWR GWR TWR OLS

R2 0.908656 0.877776 0.415437 0.410668
AICc 1401.37 1413.79 1630.60 1627.09

3.2.2. Results

As shown in Table 4, the coefficients of regression of multiple variables influencing
carbon emissions were estimated by using the GTWR model. The average coefficient of
impact for the development of the digital economy (LEDE) on urban carbon emissions
was negative (−0.03379), indicating that the former had significantly reduced the latter
in Guangdong Province [45]. The coefficients of regression for the industrial structure
(LNDS), the level of economic development (LEED), the level of urbanization (LEUB), and
the openness to the world (LEOP) were positive, indicating that they had contributed to a
significant increase in carbon emissions in Guangdong Province.

Table 4. Coefficients of regression of the variables according to the GTWR model.

Variables Average
Value

Maximum
Value

Minimum
Value

Lower
Quartile

Upper
Quartile

LEDE −0.03379 1.01005 −2.92102 −0.36761 0.40488
INDS 1.98823 3.27038 0.06479 1.09371 2.66535
LEED 0.00020 0.00069 −0.00026 0.00009 0.00029
LEUB 0.71517 2.72832 −1.59741 0.39955 1.08081
LEOP 0.01727 2.91245 −0.97382 −0.25392 0.11743

The average coefficient of regression for the level of the digital economy (LEDE) was
negative in the lower quartile and positive in the upper quartile, which indicates that
although the development of the digital economy in Guangdong Province as a whole
led to a significant reduction in carbon emissions, it promoted carbon emissions at the
local scale (mainly in cities with low levels of development of the digital economy). This
indicates spatiotemporal heterogeneity in the effect of the digital economy in terms of
reducing carbon emissions. Similarly, the lower quartiles as well as the minimum and
mean values on the level of economic development (LEED), the level of openness to the
world (LEOP), and the urbanization (LEUB) all have different positive and negative values,
suggesting that the carbon reduction effect of these factors in some cities may be manifested
as diametrically opposed to most cities. This result might have been obtained because
higher economic development and urbanization promoted the spatial agglomeration of
economic activities and factors of production [46], in turn prompting more efficient energy
and resource use [47], reduced carbon emissions [48], and more openness to the world.
This has led to technological progress and industrial upgrades to further reduce carbon
emissions [49,50]. The industrial structure (INDS) led to an increase in carbon emissions in
the study area.

There were significant spatiotemporal differences between the reductions in carbon
emissions at the level of development of the digital economy, and they showed completely
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opposite trends in different regions and periods (Figure 5). A significant reduction in
carbon emissions was observed in the Pearl River Delta, which had a highly developed
digital economy. The reductions in carbon emissions have annually increased with the
development of the digital economy in Shenzhen since 2014. Other cities in the Pearl
River Delta have also exhibited this trend. This indicates that the development of the
digital economy has led to an enhancement in its role in reducing carbon emissions over
time. The corresponding coefficients of regression were mostly positive in east, west, and
north Guangdong, where the digital economy is relatively underdeveloped. That is, the
development of the digital economy in these regions led to an increase in urban carbon
emissions to some extent. The coefficients of regression for the digital economy in most
cities in Guangdong Province have gradually decreased in recent years, indicating that
although the initial development of the digital economy might have increased urban carbon
emissions, its effect in terms of reducing carbon emissions gradually became significant as
it developed further.

Figure 5. Time series of the coefficient for the reduction in carbon emissions with the development of
the digital economy in cities in the Pearl River Delta, and east, west, and north Guangdong.

We used ArcGIS 10.2 to generate a map of the spatial distribution of the coefficients of
regression for the digital economy in the 21 cities in Guangdong Province from 2011 to 2019.
We used 2011, 2015, and 2019 as time nodes (Figure 6). This yielded an overall pattern of
central aggregation, with such cities in the Pearl River Delta as Guangzhou and Shenzhen
forming the core, and gradually spreading out to the eastern, western, and northern regions
of the province. The coefficients of regression for west and north Guangdong, the digital
economies of which are relatively underdeveloped, were relatively high, possibly because
these regions require a large investment in infrastructure to develop their digital economy,
and this has led to an increase in regional carbon emissions. The coefficients of regression
for Shantou and Jieyang in east Guangdong decreased significantly, from 0.03131 and
0.25326 in 2011 to −0.0697 and −0.2041 in 2019, respectively, indicating that the impact of
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digital economic development on carbon emissions had changed from negative to positive.
This might have been related to the increasing level of development of the digital economy
in these two cities during the study period. In general, the reductions in carbon emissions
in cities with a highly developed digital economy were more significant than has been
reported in past studies in the area. However, it had a negative effect on urban carbon
emissions in cities with a poorly developed digital economy.
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4. Discussion
4.1. Policy Implications

In the context of the shift in China’s economic evolution from high-speed development
to high-quality development, the digital economy has become a new force driving this
trend, and its impact on carbon emissions should be considered in the context of climate
change [51,52]. In this study, the authors measured the level of development of the digital
economy in 21 cities in Guangdong Province by combining the entropy weight-based
method with the TOPSIS framework. Following this, we used the GTWR model to study
the spatiotemporal heterogeneity of the impact of the digital economy on reducing carbon
emissions. Previous studies have suggested that the digital economy can yield a reduction
in urban carbon emissions, but the results here showed that there is significant spatiotem-
poral heterogeneity in the impact. The effects of the digital economy in terms of reducing
carbon emissions at different levels of development were different, and it even contributed
to a growth in emissions in some cases. In addition to its research-related importance, the
results of this study have policy-related implications that prompt us to make the following
recommendations:

(1) The government should seek to expand the advantages of reducing carbon emis-
sions for regions with a highly developed digital economy. It should also encourage the
development of smart cities, promote public participation in their governance, and accel-
erate the coverage and use of big data, smart devices, and communication platforms to
enable the highly precise and intelligent control of carbon emissions, promote efficient
energy use, and reduce resource consumption;

(2) The government should strengthen research on digital innovation and improve
technical support for reducing carbon emissions. On the one hand, it needs to increase
investment in R&D, promote cloud computing and the industrial Internet, and improve
the application and transformation of basic and publicly applicable technologies, as well
as the efficiency of production. On the other hand, it should focus on research on and the
development of low-carbon energy and carbon-capturing technologies;

(3) The government needs to implement heterogeneous developmental strategies in
light of the spatial heterogeneity of the role of the digital economy in reducing carbon
emissions. The pace of the development of the digital economy in different regions should
be adjusted to reduce the differences between them.

4.2. Research Perspectives

Although this study supplements research on the digital economy and carbon emis-
sions and provides a theoretical reference for examining the effect of the digital economy on
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improving the environment, it also has certain limitations. We measured the development
of the urban digital economy in Guangdong Province from four perspectives: the digital
infrastructure, the development of the digital industry, innovations in digital technology,
and digital inclusion. However, the limited amount of available data might have affected
the measurements. Moreover, although we analyzed the spatiotemporal differences in
the impact of the digital economy on carbon emissions, we did not explore the theoretical
mechanism of this impact. This should be investigated in future research in the area.

5. Conclusions

Carbon emissions are often closely related to urban development, but few studies
have investigated the effects of digital economic development on reductions in carbon
emissions in urban areas. In the context of the high-quality development of China’s urban
economy, society, and ecological environment, it is important to explore this effect. In
this study, the authors measured the spatiotemporal changes in the levels of development
of the digital economy in 21 cities in Guangdong Province from 2011 to 2020, based on
the entropy weight-based TOPSIS model. We used the geographically and temporally
weighted regression model to examine the spatiotemporal heterogeneity of the impact of
the development of the digital economy in urban areas on carbon emissions. The results
showed the following:

(1) The digital economy in Guangdong Province generally exhibited a stable trend of
growth, and on average increased by about 3.4 times in the study area during the
study period. The digital economy in the Pearl River Delta was well ahead of those in
north, west, and east Guangdong. Shenzhen had the most developed digital economy
in 2020 (0.8473), while Shanwei (0.0633) had the least. This revealed a spatial pattern
in the digital economy of “high in the center and low in the surrounding areas,”
with significant regional differences. The overall spatial distributions of the carbon
emissions in the cities in Guangdong Province were similar;

(2) The development of the digital economy in Guangdong Province as a whole had a
significant effect in terms of reducing carbon emissions. However, it showed the com-
pletely opposite effect at a local scale, which indicates spatiotemporal heterogeneity;

(3) The benefits of a highly developed digital economy were relatively significant in the
context of reducing urban carbon emissions, but its initial stage of development led to
an increase in carbon emissions.

This study adds to the literature by investigating the impact of the digital economy
on urban carbon emissions reduction. Our study provides a scientific basis for urban
carbon emissions reduction in Guangdong based on environmental, economic geography,
and digital economy development theory. Furthermore, relevant policies help increase
the diversity and synergy in digital economy governance among regions, ensuring the
high-quality development of the urban digital economy.
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