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Abstract: Decreasing carbon emission intensity (CEI) has emerged as a crucial strategy for nations
to attain low-carbon economic growth. Nevertheless, a definitive conclusion about the correlation
between financial development and CEI has not been reached. This research examines the influence
of digital inclusive finance (DIF), a novel financial sector, on CEI, and the role of digital technology
innovation (DTI) in this impact. Firstly, this study analyzes the influence of DIF on CEI from the
perspectives of technology effect and scale effect and proposes the hypothesis that the impact of
DIF on CEI is U-shaped. Then, using a double fixed-effect model and a sample of 30 provinces in
China from 2011 to 2021, this study verifies the accuracy of the hypothesis. Subsequently, this study
examines the mechanism by which DIF impacts CEI, and the results indicate that DIF can exert a
U-shaped influence on CEI via enhancing DTI. Then, this study further investigates the impact of
DIF on CEI from three angles: geographical location, human capital level, and green finance. It also
explores the geographical spillover effect and spatial heterogeneity by employing the Durbin model.
Lastly, drawing from the aforementioned analysis, this report proposes some recommendations.

Keywords: digital inclusive finance (DIF); digital technology (DTI); carbon emission intensity (CEI);
spatial spillovers

1. Introduction

Global warming causes climate instability, threatening the world’s food, water, ecology,
energy, infrastructure, and people, along with their property. The threat to human health
will be further exacerbated if action to combat climate change continues to be delayed [1].
Finding effective solutions to global warming has become a top priority for many countries
and organizations. CO2 is the main cause of climate change [2]. Since the industrial revo-
lution, economic growth has been closely linked to CO2 emissions. Economic expansion
requires large amounts of energy, including electricity and oil. The generation of energy
and the consumption of fossil fuels such as oil and natural gas emit large amounts of CO2.
In 2023, global CO2 emissions are projected to reach a historic 37.4 billion tons, an increase
of 1.1% from the previous year [3]. China, as the world’s largest emerging economy, has sur-
passed all other countries in energy consumption and CO2 emissions since its reform and
opening up. Uncontrolled economic growth has caused air pollution, contributing to this
problem [4]. As shown in Figure 1, in 2021, China already accounts for three-quarters of the
world’s CO2 emissions. In fact, as a world power, the Chinese government pledged in 2020
to achieve carbon neutrality by 2060 and peak CO2 emissions by 2030 [5]. Nevertheless,
economic expansion is inevitable. CEI, which measures economic development and CO2
emissions, is crucial for addressing climate issues and achieving sustainable development.

CEI is heavily dependent on financial development [6]. The provision of capital by
the financial sector is crucial to the functioning of the real economy. Its development will
significantly impact firms, industries, communities, and even countries throughout the
low-carbon transition process [7,8]. By 2030, underdeveloped countries will need USD
127 billion annually for climate change adaptation and USD 295 billion by 2050 [9]. The
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effectiveness of the financial system determines the mobilization, investment, allocation,
and utilization of funds [10]. Businesses can combat pollution through enhanced financial
development. Financial development encompasses financing businesses that develop pol-
lution prevention and environmental-protection technologies. This allows firms to achieve
green technology breakthroughs and develop DTI that minimize CO2 emissions [11,12].
However, it is important to note that financial development can also result in increased CEI
through the stimulation of economic growth.
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Currently, the research on the impact of finance on CEI is broadly categorized into
two types: the belief that finance has the potential to reduce CEI and the view that finance
can enhance CEI. First, from the perspective that finance can reduce CEI, Yang, et al. [13]
argue that financial development has the potential to decrease energy consumption per
unit of GDP and mitigate CO2 emissions. This can be achieved through the rational and
efficient allocation of projects rich in technological innovation, as well as by providing
increased financial resources for investment in such projects. Acheampong, et al. [14]
explored the impact of financial development on CEI. Their findings indicate that the overall
development of financial markets significantly reduces the CEI of developed and emerging
financial economies by 1%. Furthermore, they note that the effect of financial development
on CEI is not always linear but can also be nonlinear. Lee, et al. [15] utilized the DID
model to demonstrate that integrating financial market instruments into environmental
governance can effectively reduce CEI through decreased energy intensity and capital
renewal. Xiong, et al. [16] conducted a study using panel data from 30 provinces in China
spanning the period from 2000 to 2017. They employed the fixed-effects model and the
mediation-effects model to investigate the correlation between financial development and
per capita CO2 emissions. Their study’s findings suggest that financial development plays
a crucial role in reducing CEI through technological innovation and industrial structure.

Second, from the view that finance increases CEI, Guo and Tu [17] argue that financial
instruments contribute to the escalation of CEI due to the “gas pedal” effect of finance,
which stimulates economic growth, resulting in increased energy use and subsequent CO2
emissions. Sharma, et al. [18] employed CS-ARDL methodology to analyze data from
four South Asian nations spanning the years 1990 to 2016. Their research demonstrates
that the growth of the stock market in these countries can worsen CEI, with a statistical
significance of 5%. Fang, et al. [19], using the ARDL-ECM model, demonstrated that a
larger financial size tends to have a higher CEI in the short term, and when the financial
size expands by 1%, CEI will increase by 0.5845%. Shahbaz, et al. [20] analyzed the factors
that contribute to CO2 emissions in the UK. Based on the results, it seems that the UK’s
financial progress is significantly correlated with CO2 emissions. Specifically, it is projected
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that an increase of 0.0428% in CO2 emissions is anticipated for every 1% improvement in
financial development.

The decarbonization effect of DIF has been a research hotspot since October 2023, when
the State Council’s Implementing Opinions on Promoting the High-quality Development
of Inclusive Finance proposed accelerating the development of DIF as a revolutionary
financial tool to promote environmentally sustainable practices and the development of
green technologies.

DIF is a revolutionary financial service model that utilizes cutting-edge technologies
such as big data, artificial intelligence, blockchain, and electronic payments. Its main goal is
to provide cost-effective, efficient, and economical financial services while enhancing prod-
uct quality. Compared to traditional finance, this model is more inclusive and convenient.
It lowers the barriers to entry for financial services, increases diversity and accessibility,
and facilitates the dissemination of financial information [21]. These advantages offer
innovative ways to achieve carbon-emission-reduction targets. Initially, DIF can eliminate
time and space constraints on factor mobility, reduce financing costs, and increase output.
Furthermore, DIF can reduce information asymmetry, improve green supply and demand,
and optimize resource allocation, thereby reducing CO2 emissions [22]. Furthermore, the
emergence of DIF can result in increased investment in innovation and reduced risk asso-
ciated with innovation, fostering environmentally oriented technical advancements and
ensuring advancements in green technology, hence decreasing CEI. Lastly, DIF can improve
the accuracy and efficiency of identifying environmentally friendly business identification,
directing the flow of capital toward clean and renewable energy companies, causing in-
vestors to increase their expected expectations of these companies, which in turn leads to
an increase in the share price of these companies. In turn, the expected market share of
carbon-intensive industries will consequently decrease, resulting in a lower capacity, which
in turn will reduce the demand for fossil fuels and carbon credits, ultimately resulting in a
decrease in CEI [23].

Therefore, the majority of scholars believe that DIF can effectively reduce CEI, and
they have proposed various explanations for the mechanisms through which DIF influ-
ences CEI. Song, et al. [24] employed a double logit method to explore the correlation
between DIF and CEI. Their findings showed that DIF significantly reduces CEI, with a
1% rise in DIF resulting in a 0.488% decrease in CEI. Furthermore, DIF can mitigate CEI
through the advancement of science and technology. Sun, et al. [25] used a panel quantile
regression model to demonstrate that DIF can effectively and consistently decrease CEI
at a significance level of 1%. Their study also found that technical innovation and energy
structure play a crucial role in moderating this relationship. Lu, et al. [26] employed various
analytical techniques, including the fixed-effects model, instrumental variables method,
and mediation-effects model, to investigate how DIF affects CEI. Their research indicates
that DIF significantly lowers CEI by changing patterns of energy usage and reducing energy
intensity. Furthermore, the effect of DIF is observed to vary across different regions and
time periods.

DIF and CO2 emissions exhibit a regional spreading effect [27]. The spatial-spillover
mechanism of DIF on CEI has been subject to varying interpretations among experts.
According to Zhao, et al. [28], the Dubin model reveals a significant spatial-spillover effect
of DIF on urban CEI. Moreover, the impact of DIF on urban CEI is more prominent in cities
with comparable economic attributes, as opposed to geographically contiguous cities. Lee
and Wang [29] employed a geographic Durbin model with fixed effects to examine the
spatial-spillover effect of DIF on CEI. Their findings indicate that this effect is observed
exclusively within a range of 350–400 km. Guo and Tu [17] discovered that a city’s DIF has
a positive effect on the CEI of nearby cities.

Nevertheless, the above research possesses certain limitations. Firstly, all these studies
have only considered the positive decarbonization effect of DIF, ignoring the fact that
DIF may also lead to an increase in CO2 emissions by promoting economic growth and
industrial expansion, just like traditionally [17,24,28]. In other words, these studies have
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only examined the linear impact of DIF on carbon emissions, disregarding any nonlinear
effects. Second, while the above studies give multiple answers as to the mechanism
through which DIF affects CEI [22,24,29,30], there is a distinct lack of research on DTI,
which is closely related to DIF. DTI integrates the digital and real economies. The fusion
creates new technology, products, industries, business models, and structures. DTI requires
significant funding. Financial institutions struggle to evaluate SMEs’ creditworthiness
and growth potential due to their lack of transparency. Consequently, many companies
struggle to attract external funding, impeding their digital technology development. DIF’s
digital features enhance corporate data visibility and financial institutions’ lending trust,
helping enterprises address financing issues and drive digital technology advancements.
Traditional companies utilize digital technology to upgrade their industrial structures and
reduce fossil fuel use, thereby lowering CEI. Advances in DTI can reduce CEI. Digital
technology has eliminated the spatial constraints of traditional technological exchanges and
demand feedback, facilitated the rapid dissemination of technology and resource allocation,
improved energy efficiency, and reduced CO2 emissions. Second, automation and digital
tools can reduce labor and time inputs, increase productivity, and boost high-value-added
product output, which boosts export trade through the scale effect and GDP growth. CEI
decreases with GDP growth and carbon reduction [31]. Finally, none of the previous studies
have considered the heterogeneity of spatial spillovers in the impact of DIF on CEI due to
different factors.

Therefore, this study will leverage previous research to investigate the direct and
indirect effects of DIF on CEI. This study will also explore how recent advancements
in digital technology affect the relationship between DIF and CEI. Given that China is
the world’s largest developing nation, with the eighth-highest DIF development level
globally [32] and a significant carbon emission problem, its strategy of developing DIF
to address carbon emissions can offer valuable guidance to other developing nations and
emerging economies that are just getting started with DIF and also dealing with carbon
emission issues, making it a highly relevant case study. China is thus used as a sample in
this study’s research.

The main contributions of this study are as follows: (1) This study employs nonlin-
ear techniques to investigate the impact of DIF on CEI. It demonstrates that the effect of
DIF on CEI follows a U-shaped curve, thus addressing the limitation of previous studies
that only considered the linear relationship between DIF and CEI [17,24,28]. (2) From
the perspective of DTI, this study examines how DIF mediates the interaction between
CEI, thereby revealing the nonlinear relationship between DIF and CEI. This perspective
furthermore addresses the neglect of DTI in previous research and broadens our under-
standing of the various mechanisms through which DIF affects CEI [22,24,29,30]. (3) A
geographic Durbin model is constructed by combining geographic and economic elements,
demonstrating that DIF can effectively increase the CEI in neighboring provinces. This
study offers novel perspectives and methodologies for achieving the goal of reducing CO2
emissions. Furthermore, this study delves deeper into spatial heterogeneity and discovers
that the spatial-spillover effect of DIF is insignificant in eastern provinces and significantly
positive in the middle and western parts of the country. This bridges the gap in research on
the spatial-spillover effect of DIF.

The rest of this paper is structured as follows: in the second part, we provide a
synopsis of previous studies and lay out our hypotheses. The third part outlines the
methodology, variables, and data used in our research. The fourth part presents our
initial findings, including tests for robustness and endogeneity, analysis of heterogeneity,
mechanisms, and spatial effects. Finally, in the fifth part, we present our conclusions and
offer recommendations.

2. Research Hypotheses

The environmental pollution caused by DIF can be attributed to two factors: the “scale
effect” and the “technology effect”. While technology tends to have a detrimental influence,
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the scale effect is generally helpful. The coexistence of these two impacts introduces
uncertainty regarding the influence of DIF development on environmental pollution, as
well as its impact on CEI [33–35].

From a scale impact perspective, DIF reduces financing constraints, encouraging
businesses to make significant investments in energy-intensive and high-pollution projects
in order to maximize profits. This, in turn, leads to increased production and energy
consumption, ultimately resulting in higher CO2 emissions [36]. Furthermore, DIF reduces
the minimum requirement for accessing financial services and alters the lending approach.
Individuals may benefit from affordable loans that are easily accessible, complementing
their current income and encouraging increased spending [37]. This boosts economic
growth while also increasing carbon emissions [38].

From a technical perspective, the utilization of digital technology in the context of
DIF addresses the issue of information asymmetry between borrowers and lenders, thus
enhancing the alignment between the availability of financial resources and the credit de-
mand for environmentally sustainable firms. This approach has the potential to reduce the
associated costs of green financing for enterprises; improve the efficacy of green technology
innovation within enterprises; facilitate the adoption of environmentally friendly practices
in enterprises with significant inputs, pollution, and emissions; and ultimately tackle the
issue of air pollution caused by enterprise production [26]. By leveraging ICT, DIF can
provide financial services to consumer segments that are typically inaccessible to traditional
financial institutions, such as residents and companies in underdeveloped or remote areas.
The introduction of DIF enables improved financial services to be provided to economically
disadvantaged regions and low-income individuals in the central and western districts.
Farmers, in particular, can benefit from digital inclusive funding, which allows them to
utilize renewable energy and clean technologies, thereby reducing CO2 emissions during
the production process [39,40].

Based on the aforementioned analysis, the subsequent research hypotheses can be formulated:

H1: There is a nonlinear effect of DIF on CEI.

DIF has the potential to spur innovation in digital technologies. From a capital
supply perspective, DIF lowers the financing barrier for businesses, broadens the range of
financing options, and mitigates the “long-tail effect” in the financing process of innovative
businesses, thereby increasing the availability of R&D funds and enhancing the innovation
capacity of enterprises in the digital technology sector [41]. DIF effectively reduces the
financial burden of financial institutions in obtaining enterprise information through the
use of big data, cloud computing, and other digital technologies. This reduction in financing
costs enables small- and medium-sized enterprises (SMEs) to secure additional funding for
innovative activities [42]. From a competitive perspective, the inclusion of DIF provides
regular and cost-effective financial assistance to an increasing number of SMEs. This
helps to enhance overall resources in the digital technology sector and stimulates greater
competition within the industry. As a result, the competitive impact of digital inclusion
encourages enterprises to engage in technological innovation in order to gain distinct
competitive advantages [43].

Digital technological advancements have the potential to decrease CEI. The implemen-
tation of DTI has the potential to enhance resource allocation, facilitate the transition of
production factors from inefficient to efficient sectors, contribute to the overall improve-
ment of total factor productivity within society, mitigate resource wastage, and foster the
low-carbon transformation of urban areas [44]. Furthermore, the connectivity, sharing, and
openness of DTI are critical in allowing firms to effectively disintermediate [45]. This disin-
termediation reduces transaction costs while enhancing company potential and income.
As a result, the financial stability of the firm improves, and more resources can be utilized
for green technology research and development [46]. The spillover effects of DTI across
industries and borders not only result in increased non-fossil energy production but also
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function as an efficient technique for storing this energy [47]. As a result, non-fossil energy
use increases [48].

Based on the aforementioned analysis, the subsequent research hypotheses can be formulated:

H2: DTI significantly mediated the nonlinear effect of DIF on CEI.

Unlike traditional finance, digital finance collects, manages, and analyzes data using
digital technology and network platforms [49]. This technique eliminates barriers to data
access and information exchange among financial market participants. It also surmounts
the time, place, and geographical constraints imposed by traditional finance. It establishes
direct linkages between borrowers and lenders, enabling the efficient movement of capital
and the effective utilization of information, technology, and other resources [27]. The
easy transfer of technology and factor resources across nearby provinces may result in the
“siphoning effect”, “imitation effect”, and “radiation effect” on carbon emissions.

According to the siphoning effect, when DIF in a specific area is successful, there
will be a stronger demand for key variables such as labor, capital, and information in that
location. This is because the benefits derived from these characteristics are greater, leading
to their migration from less developed DIF locations [17].

In terms of imitation, when a province emerges as a leading region by actively pro-
moting DIF development and successfully enhancing its development level while reducing
carbon emission intensity, neighboring and interconnected provinces will economically
emulate its development model, policy system, and innovative experiences and adjust their
own policies or economic activities accordingly. Furthermore, this indicates that the carbon
emission intensity of neighboring provinces tends to influence each other through spatial
effects resulting from policy learning and policy transfer.

DIF’s radiation effect has the following characteristics: universality, low cost, wide
reach, and speed. These traits help to overcome time and space constraints, minimizing
the impact of the geographic distance on DIF’s spillover effect and spatial friction. Conse-
quently, this affects the CEI of neighboring provinces. As the quantity of DIF development
increases, it becomes more difficult for polluting firms in the province to obtain financing,
leading them to potentially shift to nearby provinces, thereby increasing the CEI in such
areas [33].

Based on the aforementioned analysis, the subsequent research hypotheses can be formulated:

H3a: There is a positive spatial-spillover effect of DIF on CEI.

H3b: There is a negative spatial-spillover effect of DIF on CEI.

The transmission mechanism of DIF is shown in Figure 2. In conclusion, DIF’s techno-
logical and scale effects can either increase or decrease CEI with the mediating role of DTI,
and DIF’s geographical spillover effect on CEI can have either a good or negative outcome.
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3. Variables, Model, and Data
3.1. Variables
3.1.1. Explained Variable

Carbon emission intensity (CEI) serves as the independent variable, calculated by
dividing the annual total CO2 emissions of each province by its regional gross domestic
product. The primary source of CO2 emissions stems from the utilization of fossil fuels
to power energy needs, enabling quantification through the measurement of fossil energy
consumption [26]. Moreover, the cement manufacturing process also contributes signifi-
cantly to carbon dioxide emissions [36]. Consequently, this study aims to quantify not only
the CO2 emissions arising from fossil energy combustion but also those associated with the
cement manufacturing process.

Referring to the study by Sun, Chen and Wang [22], the precise equation for computing
CO2 emissions resulting from the combustion of fossil fuels is as follows:

EC =
7

∑
i=1

ECi =
7

∑
i=1

Ei × CFi × CCi × COFi ×
44
12

(1)

where EC denotes the total estimated CO2 emissions from various types of energy con-
sumption; i denotes the types of energy consumption, including coal, coke, gasoline,
kerosene, diesel, fuel oil, and natural gas; and Ei is the total amount of energy consumed
in each province. i is the total amount of energy consumption for each type of energy; CFi
is the calorific value; CCi is the arbon content; COFi is the oxidation factor; 44/12 is the
factor that converts carbon to CO2.

The equation utilized to compute carbon dioxide (CO2) emissions resulting from the
process of cement manufacture is as follows:

CC = Q × 0.527 (2)

where CC denotes the emission of CO2 during the cement production process, Q de-
notes the total amount of cement production, and 0.527 is the CO2 emission factor for
cement production.

CEI represents a ratio for each province. The ratio of the CEI is compared to the
GDP of the province. The sum of all CEIs is also analyzed. Based on the outcomes of the
aforementioned formula’s computations, the spatial distribution of CEI in 2021 is plotted
using ArcGIS 10.8, as shown in Figure 3.

Sustainability 2024, 16, x FOR PEER REVIEW 8 of 27 
 

 
Figure 3. Spatial distribution of CEI in China in 2021 (data are from https://edgar.jrc.ec.europa.eu 
(accessed on 3 February 2024)). 

3.1.2. Explanatory Variable 
Digital inclusive finance (DIF) serves as the explanatory variable. The current meth-

ods of measuring DIF can be broadly categorized into three types: the first type of indica-
tor measures the level of regional digital finance development by searching for keyword 
frequencies and matching regions on the web using web-crawler methods. The second 
category uses dummy variables to assess the policy effect of digital financial development 
by taking the digital financial development policy at the national level as an explanatory 
variable. The third category constructs digital finance indexes from one or more perspec-
tives, using different calculation methods to measure the development level of digital fi-
nance. The third type of measurement is generally accepted by academics, with the digital 
inclusion index being the most widely used [50]. Referring to Sun, Li, Zhong and Liang 
[25], we utilized the DIF Index compiled by the Digital Inclusive Finance Research Center 
of Peking University to gauge the extent of DIF in each province. This is achieved by scal-
ing the index down to a percentage (dividing it by 100). This set of indices encompasses 
the DIF Index, along with measures of DIF coverage, the scope of DIF utilization, and the 
digitization level of inclusive finance. Together, these indices offer a scientifically measur-
able assessment of the development level of DIF in each region. 

3.1.3. Control Variables 
The intensity of environmental regulation (ERI), measured by the ratio of completed 

investments in industrial pollution control to industrial value added, serves as an indica-
tor of the rigor of environmental regulations. Companies tend to increase their green in-
vestments and develop or adopt cleaner production processes to meet these regulations, 
which, in turn, reduces CEIs [51]. The foreign direct investment (FDI) level is determined 
by dividing the amount of foreign direct investment by the GDP of a province. FDI serves 
as a gauge of a city’s openness, and higher levels of openness can lead to the “pollution 
haven” effect and “carbon leakage”, ultimately causing an increase in the CEI [28]. The 
population size (POP) is calculated based on the number of residents in each province. 
The relationship between population size and CO2 emissions can be viewed from two per-
spectives. Firstly, population growth increases energy consumption, resource utilization, 
and environmental pressures, leading to higher CO2 emissions. Secondly, population 
growth can foster technological advancements and enhance the utilization of public 

Figure 3. Spatial distribution of CEI in China in 2021 (data are from https://edgar.jrc.ec.europa.eu
(accessed on 3 February 2024)).

https://edgar.jrc.ec.europa.eu


Sustainability 2024, 16, 6407 8 of 26

3.1.2. Explanatory Variable

Digital inclusive finance (DIF) serves as the explanatory variable. The current methods
of measuring DIF can be broadly categorized into three types: the first type of indica-
tor measures the level of regional digital finance development by searching for keyword
frequencies and matching regions on the web using web-crawler methods. The second
category uses dummy variables to assess the policy effect of digital financial development
by taking the digital financial development policy at the national level as an explanatory
variable. The third category constructs digital finance indexes from one or more perspec-
tives, using different calculation methods to measure the development level of digital
finance. The third type of measurement is generally accepted by academics, with the digital
inclusion index being the most widely used [50]. Referring to Sun, Li, Zhong and Liang [25],
we utilized the DIF Index compiled by the Digital Inclusive Finance Research Center of
Peking University to gauge the extent of DIF in each province. This is achieved by scaling
the index down to a percentage (dividing it by 100). This set of indices encompasses the
DIF Index, along with measures of DIF coverage, the scope of DIF utilization, and the digi-
tization level of inclusive finance. Together, these indices offer a scientifically measurable
assessment of the development level of DIF in each region.

3.1.3. Control Variables

The intensity of environmental regulation (ERI), measured by the ratio of completed
investments in industrial pollution control to industrial value added, serves as an indi-
cator of the rigor of environmental regulations. Companies tend to increase their green
investments and develop or adopt cleaner production processes to meet these regulations,
which, in turn, reduces CEIs [51]. The foreign direct investment (FDI) level is determined
by dividing the amount of foreign direct investment by the GDP of a province. FDI serves
as a gauge of a city’s openness, and higher levels of openness can lead to the “pollution
haven” effect and “carbon leakage”, ultimately causing an increase in the CEI [28]. The
population size (POP) is calculated based on the number of residents in each province. The
relationship between population size and CO2 emissions can be viewed from two perspec-
tives. Firstly, population growth increases energy consumption, resource utilization, and
environmental pressures, leading to higher CO2 emissions. Secondly, population growth
can foster technological advancements and enhance the utilization of public infrastructure,
thereby partially mitigating CO2 emissions [26]. Marketization (MARKET) is measured
by indicators such as government–market relationship, non-state economic development,
product market development, factor market development, intermediary organization devel-
opment, and legal system development. This is quantified by the average growth rate [52].
By fostering trade and technological innovation among businesses, marketization can lower
CEIs. The energy structure (STRUC) is measured by dividing the provincial electricity
consumption by national electricity consumption. Electricity is a significant source of
energy consumption and CO2 emissions, and the scale of electricity consumption plays
a crucial role in the CEI [53]. Green technology innovation (GTEC) is measured by the
logarithm of the number of green patents granted. GTEC can minimize carbon emissions
by optimizing industrial factor allocation and reducing environmental costs while also
improving economic efficiency by lowering unit production costs. Ultimately, reducing
carbon emissions and enhancing economic efficiency will lead to a lower CEI [54].

3.1.4. Mediating Variable

Digital technology innovation (DTI), assessed by the number of patents in each
province related to the digital economy, serves as a mediator. Utilizing the Statistical
Classification of the Digital Economy and its Core Industries 2021 in conjunction with the
primary classification number of the patent, this research identifies patents that correspond
to relevant digital technology areas [55].

All variables are defined as shown in Table 1.
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Table 1. Definition of variables.

Variable Type Variable Name Definition

Explained variable CEI GDP per unit of CO2 emissions

Explanatory variable DIF Digital Inclusive Finance Index

Control variables

FDI GDP per unit of foreign direct investment

ERI Ratio of completed investments in industrial
pollution control to industrial value added

POP Number of residents

MARKET Marketization index

STRUC Ratio of provincial electricity consumption to
national electricity consumption.

GTEC Number of green patents granted

Mediating variable DTI Number of digital economy patents

3.2. Model
3.2.1. Fixed-Effects Model

The two-way fixed-effects model offers substantial benefits in the study of panel data.
Firstly, it can simulate both causal and inverse relationships, enabling a more comprehen-
sive examination of the impacts between variables. Furthermore, it can incorporate fixed
effects in both individual and time dimensions, thereby effectively addressing endogeneity
and enhancing the model’s explanatory capacity. Ultimately, it can address the issues of
heteroskedasticity and serial correlation, hence enhancing the precision of estimation. Thus,
this article uses the dual fixed-effects model to investigate the impact of DIF on CEI. The
specific formula is displayed below:

CEIit = β0 + β1DIFit + β2DIF2
it +

6

∑
m=1

amControlmit + µi + λt + εit (3)

CEIit represents the carbon emission intensity of province i in year t. DIFit represents
the DIF development index of province i in year t. Controlit is a set of control variables
that may affect the CEI, including the foreign direct investment level, environmental
regulation intensity, population size, and marketization. µi represents region fixed effects,
λt represents time fixed effects, and εit is a random error term.

3.2.2. Intermediary Effects Model

Models were constructed to explore the pathways through which digital financial
inclusion affects CEI:

CEIit = β0 + β1DIFit + β2DIF2
it +

6

∑
m=1

amControlmit + µi + λt + εit (4)

DTIit = β0 + β1DIFit +
6

∑
m=1

amControlmit + µi + λt + εit (5)

CEIit = β0 + β1DIFit + β2DIF2
it + β3DTIit +

6

∑
m=1

amControlmit + µi + λt + εit (6)

Of which DTIit is the province i in the t level of digital technology innovation in the year.
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3.2.3. Spatial Durbin Model

Given the potential existence of geographical effects between DIF and CEI within each
province, this study used the Durbin model to examine the spatial-spillover impact of DIF
on CEI as follows:

CEIit = α + ρ∑n
j=1 WijCEIit + βXit + ∑n

j=1 WijγXit + µi + εi (7)

where ρ is the spatial autoregressive coefficient, reflecting the influence of neighboring
provinces’ CEI on the province’s CEI; Wij is the spatial weight matrix, including the
geographic distance weight matrix, economic distance weight matrix, and economic–
geographic nested matrix [22]; β is the regression coefficient of DIF on CEI, which reflects
indicates the influence of DIF on CEI; Xit is the province i in the t year for each explanatory
variable, including DIF and other control variables; and γ is the spatial effect of DIF, which
is used to measure the impact of DIF in neighboring provinces on CEI in the province.

The construction of the spatial weight matrix is outlined below. The geographic
distance weight matrix is derived by taking the inverse of the square of the geographic
distance between two provinces. The economic distance weight matrix is calculated by
taking the inverse of the absolute value of the difference in GDP per capita between two
provinces. The nested economic–geographic distance matrix is produced by combining the
economic distance and geographic distance weight matrices.

3.3. Data

The purpose of this study is to explore the impact of DIF on CEI in China. To ac-
complish this, a panel dataset was created, encompassing 30 provinces (excluding Tibet),
spanning the period from 2011 to 2021. The primary sources of raw data for the relevant
indicators are the China Statistical Yearbook and the statistical yearbooks of each province
from 2012 to 2022. Table 2 shows the descriptive statistics of each variable.

Table 2. Descriptive statistics.

VarName Obs Mean SD Min Median Max

CEI 330 2.003 1.603 0.196 1.539 10.556
CO2 330 11.307 8.677 3.398 8.329 53.380
DIF 330 2.315 1.033 0.183 2.385 4.590
FDI 330 0.020 0.018 0.000 0.018 0.121
ERI 330 0.003 0.004 0.000 0.002 0.031
POP 330 8.207 0.741 6.342 8.278 9.448

MARKET 330 8.039 1.914 3.359 8.171 12.390
STRUC 330 0.033 0.023 0.004 0.026 0.095
GTEC 330 7.688 1.349 3.219 7.749 10.740
DTI 330 7.832 1.429 3.892 7.883 10.998

To further illustrate the relationship between the variables, this study utilizes the
aforementioned data to plot the time trends of DIF, DTI, and CEI in the East, Mid, and
West regions. As depicted in Figure 4, from 2011 to 2021, DIF and DTI in the East, Mid,
and West regions exhibited an upward trend, whereas CEI showed a downward trend.
Western provinces had the highest CEI values, while eastern provinces had the lowest.
Additionally, eastern provinces demonstrated the fastest DTI development, while western
provinces had the slowest. All three regions displayed comparable DIF development rates,
but the eastern provinces possessed higher DIF levels than the western and mid provinces.
This discrepancy could potentially be attributed to the varying economic levels, energy
demands, and geographical locations of the regions.

First, the level of economic development in eastern provinces is higher than that in the
mid and western provinces. On the one hand, provinces with a higher level of economic
development in the east have stronger market demand, a stronger demand for DIF products
and services from financial institutions and consumers, an adequate financial supply, and
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more robust financial innovation, all contributing to the development of DIF. Conversely,
provinces in the mid and west, with lower levels of economic development, have a lower
level of DIF development due to limited market demand, insufficient financial supply, and
inadequate financial innovation. Furthermore, eastern provinces with higher economic
growth have superior infrastructure, more advanced digital technology, and a larger pool
of financial talents, all of which effectively support the development of DTI. Second, from
the perspective of energy demand, in recent years, as high-energy-consuming industries
have shifted westward, the energy demand in mid and western provinces has increased
significantly, resulting in high carbon dioxide emissions and low emission efficiency. This
has shifted the carbon emission center to the northwest [56], making the CEI of mid and
western provinces considerably higher than that of eastern provinces, which rely primarily
on tertiary industries.
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4. Empirical Analysis
4.1. Unit Root Test

Before performing the regression analysis, we utilized the IPS, LLC, and PP panel
unit root tests to ascertain the stationarity of each variable, thereby preventing spurious
regression [57]. As indicated in Table 3. all variables reject the null hypothesis at a 1%
significance level, suggesting that all variables are stationary.

Table 3. Unit root test.

Variables
IPS LLC Fisher

Statistic p-Value Statistic p-Value Statistic p-Value

CEI −5.6280 0.0000 −4.9256 0.0000 140.9520 0.0000
DIF −5.6705 0.0000 −9.8112 0.0000 128.6724 0.0000
FDI −6.3199 0.0000 −8.7053 0.0000 219.1840 0.0000
ERI −8.3931 0.0000 −16.6072 0.0000 159.6358 0.0000
POP −3.3184 0.0005 −9.4172 0.0000 159.8895 0.0000

MARKET −6.2098 0.0000 −10.6275 0.0000 164.4431 0.0000
STRUC −5.2603 0.0000 −11.8953 0.0000 140.3976 0.0000
GTEC −6.5490 0.0000 −7.6787 0.0000 151.6336 0.0000
DTI −7.3422 0.0000 −6.6312 0.0000 201.1682 0.0000
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4.2. Baseline Regression

To eliminate data covariance, this study first utilized a multicollinearity test. As
shown in Table 4, the VIF was 3.81, and all variables’ VIF values were below 10, ruling out
the possibility of multicollinearity. Secondly, this study decided which model to employ
for analysis by utilizing the Hausman test and F test. The results indicate that both the
Hausman test and F test rejected the null hypothesis, thereby recommending the adoption
of the fixed-effect model.

Table 4. Multicollinearity test.

Variables VIF 1/VIF

GTEC 8.323 0.120
MARKET 5.128 0.195

POP 4.023 0.249
STRUC 3.615 0.277

DIF 2.318 0.431
FDI 1.653 0.605
ERI 1.595 0.627

Mean VIF 3.808 .

Due to the multifaceted nature of the impact of DIF on CEI, its effects may vary
depending on the level of DIF’s development. In other words, there exists a nonlinear
relationship between DIF and CEI. To examine this potential nonlinear relationship, this
study incorporated the squared term of DIF. Subsequently, a stepwise regression analysis
was conducted, as presented in Table 5. The results indicate that DIF has a suppressive
effect on CEI at a significance level of 1%. Conversely, the squared term of DIF enhances
CEI at a significance level of 1%. These findings suggest a significant U-shaped relationship
between DIF and CEI, thereby confirming the validity of H1.

Table 5. Baseline regression.

Variables
(1) (2)

CEI CEI

DIF −3.737 *** −3.526 ***
(−6.59) (−9.81)

DIF2 0.254 *** 0.322 ***
(6.40) (8.38)

FDI −0.177
(−0.23)

ERI −32.013 **
(−3.13)

POP −4.018 ***
(−7.41)

MARKET −0.150 ***
(−5.10)

STRUC 35.253 ***
(6.42)

GTEC 0.210 **
(3.07)

Constant 3.980 *** 35.322 ***
(17.71) (8.11)

Observations 330 330
R-squared 0.329 0.419

Number of id 30 30
Area YES YES
Year YES YES

t-statistics in parentheses, *** p < 0.01, ** p < 0.05.



Sustainability 2024, 16, 6407 13 of 26

According to Arcand, et al. [58], an overabundance of financial development may
potentially have a direct adverse effect on the process of economic green transition and
the mitigation of CO2 emissions. The overdevelopment of DIF can significantly increase
household credit, boost consumers’ purchasing power, and encourage the purchase of
energy-intensive goods, thereby leading to higher carbon emissions [59]. However, exces-
sive expansion of the virtual economy, particularly in finance, can slow down the overall
transition to virtualization. Idle capital in the financial sector hinders investment and
financing growth, as well as the expansion of the green real economy. Instead, it stimulates
overall demand for energy and consumption, which hinders the transition to a low-carbon
economy. Thus, moderate development of DIF can effectively decrease CEI, but excessive
development of DIF has a negative impact on CEI.

Furthermore, the coefficients of control variables in Table 5 demonstrate that FDI
has a negative and minor effect on CEI, which is consistent with the findings of Zhao,
Chen and Zhang [28], possibly due to the small sample size. ERI coefficients are notably
negative, which differs from the findings of Sun, Li, Zhong and Liang [25], possibly due to
the fact that they do not account for industrial value added when measuring ERI. POP has
a considerable negative effect on CEI, which is consistent with the study by Jiang, Zhao and
Qin [57]. The decrease in CO2 caused by technical breakthroughs linked with population
growth outweighs the increase in CO2 caused by energy consumption connected with
population growth. Similarly, MARKET had a strong negative effect on CEI, supporting
the findings of Wang, Zhao, Zhang and Su [52]. The higher the level of marketization, the
more it may promote the life of the carbon-trading market and the energy-trading market,
guiding businesses to become more environmentally friendly and lowering the CEI. STRUC
has a strong positive effect on CEI, which is consistent with the findings of Ye, et al. [60].
The more power consumed, the more energy and carbon emissions are required, resulting
in an increase in CEI. GTEC has a significant positive effect on CEI, which is different from
the study of Lee and Wang [29]. This may be due to the “rebound effect” of GTEC in this
study because of the different control variables.

4.3. Robustness Tests and Endogenous Treatment

The results of the baseline regression analysis indicate that DIF significantly inhibits
CEI. To ascertain the model’s reliability, this study employs subsequent methodologies to
evaluate its robustness.

4.3.1. Replacing the Explained Variable

To avoid the proxy variable selection bias impacting the regression findings, referring
to Sun, Chen and Wang [22], this study employs the proxy variable approach for the
robustness test. Once per capita CO2 emissions were substituted for CEI as the principal
explanatory variable, the regression was performed again, and the findings are presented
in Table 6. Column (1) displays the outcomes: after replacing the explanatory variables, the
non-linear effect of DIF remains significant.

Table 6. Robustness tests and endogeneity treatment.

Variables
(1) (2) (3) (4) (5) (6)

CO2 CEI F.CEI F2.CEI CEI CEI

DIF −0.542 *** −3.782 *** −3.463 *** −2.838 ** −7.767 *** −3.342 ***
(−4.30) (−10.61) (−6.00) (−2.71) (−6.32) (−4.83)

DIF2 0.033 ** 0.367 *** 0.287 *** 0.223 *** 0.625 *** 0.286 ***
(2.47) (8.79) (5.61) (3.45) (5.78) (4.61)

FDI 0.034 −3.021 *** −0.555 −0.651 2.549 ** 0.076
(0.16) (−3.21) (−0.43) (−0.34) (2.76) (0.03)

ERI −3.338 −32.664 ** −10.049 −9.554 −25.638 ** −34.234 ***
(−0.97) (−2.76) (−0.84) (−0.54) (−2.64) (−3.32)

POP −0.254 * −4.466 *** −4.084 *** −4.969 *** −0.000 *** −3.361 ***
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Table 6. Cont.

Variables
(1) (2) (3) (4) (5) (6)

CO2 CEI F.CEI F2.CEI CEI CEI

(−1.91) (−6.36) (−11.81) (−7.64) (−9.04) (−3.37)
MARKET −0.020 ** −0.150 *** −0.131 *** −0.064 −0.129 ** −0.152 ***

(−2.32) (−4.25) (−3.72) (−1.70) (−2.82) (−2.80)
STRUC 9.933 *** 36.696 *** 28.276 *** 24.293 *** 25.159 *** 33.909 ***

(5.47) (5.99) (4.58) (4.33) (6.64) (3.61)
GTEC 0.113 *** 0.249 ** 0.144 0.023 0.222 ***

(6.29) (3.09) (1.30) (0.16) (3.30)
Constant 3.567 *** 39.193 *** 36.184 *** 43.487 *** 6.152 *** 31.354 ***

(3.37) (6.89) (14.19) (8.96) (9.20) (3.91)
Observations 300 286 300 270 330 330
Number of id 30 26 0.319 0.216 0.947 0.415

R-squared 0.326 0.416 30 30 30 30
Area YES YES YES YES YES YES
Year YES YES YES YES YES YES

Under-
identification test 16.286 ***

Weak
identification test 16.664 (16.38)

t-statistics in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

4.3.2. Excluding Special Samples

Since the policy system of municipalities directly under the central government differs
from that of general provinces, to ensure the general applicability of the research findings
and mitigate the influence of specific samples, this study excludes samples from Beijing,
Shanghai, Chongqing, and Tianjin from the regression analysis [24]. The results in Table 6,
column (2) show that the coefficients on DIF and DIF2 remain significant.

4.3.3. Lag Treatment

This study employs first- and second-order lags for all explanatory variables to address
the endogeneity issue stemming from bidirectional causation and to explore the potential
temporal lag of DIF on CEI. Specifically, F.cei represents CEI advanced by one period, while
F2.cei represents CEI advanced by two periods. The regression results for these lags are
presented in columns (3) and (4) of Table 6. Notably, even at a 1% significance level, DIF and
DIF2 remain statistically significant in reducing CEI, thereby demonstrating the robustness
of our findings.

4.3.4. Endogenous Treatment

To address the potential endogeneity issue in the regression model, this study employs
the 2SLS model for regression. Based on previous studies [57], the primary and secondary
terms of the product of the 1984 postal business volume and the pre-existing national Inter-
net penetration rate were selected as instrumental variables IV1 and IV2 in this study. The
IV value of the Kleiber-gen-Paap rk Wald F statistic for IV was greater than 10, indicating
that the “weak instrumental variable” hypothesis was invalid.

The plausibility of IV1 and IV2 was confirmed. First, IV1 and IV2 are highly historical.
The volume of postal business in 1984 is different from the main study period (2011–2019)
of this study. Therefore, the perturbation term in the 2011–2021 model had no effect on the
economic and social indicators in 1984. IV1 and IV2 meet the criterion that instrumental
variables are uncorrelated with the perturbation term. In addition, IV1 and IV2 may alter
DIF. The adoption of Internet technology began with the popularization of telephony and
postal services, so the development of DIF is influenced by the prevalence of telephony and
postal services. Provinces with a high volume of postal and telecommunication services
have a better basis for the development of DIF.
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As shown in Table 6, column (5), after considering the impact of instrumental variables,
DIF still exerts a significant nonlinear effect on CEI, which aligns with the findings of the
previous study.

4.3.5. Multicollinearity Treatment

According to the VIF test result, the highest VIF of GTEC is 8.323, which is greater than
5. To reduce the estimation bias due to the multicollinearity problem, GTEC is removed,
and Equation (1) is re-estimated. The regression results are shown in Column 6, and the
results are still robust after removing GTEC.

4.4. Heterogeneity Analysis
4.4.1. Heterogeneity of Geographic Location

The 30 provinces were classified into east, central, and west based on their geographic
locations to examine potential variations in the manifestation of the link between DIF
and CEI across different regions. According to Table 7, DIF has a significant nonlinear
relationship with CEI in the eastern and western provinces, whereas the role of DIF is
insignificant in the central provinces. This may be attributed to differences in resource
endowment and economic development.

Table 7. Heterogeneity of geographic location.

Variables
(1) EAST (2) MID (3) WEST

CEI CEI CEI

DIF −1.434 *** −2.203 −6.477 ***
(−3.83) (−0.63) (−5.60)

DIF2 0.128 *** −0.292 0.740 ***
(4.60) (−0.66) (4.59)

FDI −3.909 ** −30.627 9.943 *
(−2.90) (−1.78) (1.92)

ERI 5.662 −177.406 −37.433 ***
(0.87) (−1.64) (−4.94)

POP 0.537 5.870 −4.797 ***
(1.04) (1.09) (−5.39)

MARKET −0.023 −0.248 −0.178 ***
(−1.34) (−1.74) (−3.56)

STRUC 13.018 *** 35.776 81.825 ***
(4.03) (1.79) (7.03)

GTEC −0.179 *** 0.731 * 0.573 ***
(−5.12) (2.17) (3.40)

Constant −0.959 −49.903 38.760 ***
(−0.22) (−1.08) (5.68)

Observations 121 88 121
R-squared 0.895 0.369 0.798

Number of id 11 8 11
Area YES YES YES
Year YES YES YES

t-statistics in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

Firstly, the eastern provinces enjoy a superior level of economic advancement. Based
on the theory of financial exclusion [61], financial institutions prioritize their development
efforts in provinces with robust economic performance and significant resource concentra-
tion. As a result, the eastern provinces can effectively concentrate financial resources due
to their economic advantages, leading to a higher degree of DIF development compared to
the central provinces and a more effective reduction in carbon emissions. Furthermore, de-
spite the economic underdevelopment of the western provinces, their unique geographical
position endows them with abundant clean energy resources. By implementing DIF, this
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endowment can be efficiently utilized, leading to a reduction in the consumption of fossil
energy and thereby lowering CEI.

4.4.2. Heterogeneity of Green Finance Levels

Wang, et al. [62] found that green finance (GF) is critical in accelerating the transition
to a low-carbon economy. Their study’s findings illustrate the substantial impact of DIF in
enabling the shift toward a low-carbon economy. In the context of CO2 emission reduction,
it is pertinent to explore the interplay between DIF and green finance (GF). Does this
interplay differ based on the degree of GF advancement? In this study, the sample is
divided into three groups, high, medium, and low, according to the development level of
GF in each province. The level of GF development is measured by an evaluation system
comprising green credit, green insurance, green investment, green bonds, green support,
green funds, and green equity.

The regression findings for these groups are displayed in Table 8. In the group with a
high level of GF, the impact of DIF is not significant. However, in the group with a medium-
to-low level of GF development, DIF exhibits a significant U-shaped association with CEI
at a 1% significance level. The correlation between DIF and CEI is more pronounced in
regions with a lower degree of GF development. These findings indicate that DIF can help
address some of the limitations of GF in the transition to a low-carbon economy.

Table 8. Heterogeneity of green finance levels.

Variables
(1) GF-HIGH (2) GF-LOW (3) GF-LOW

CEI CEI CEI

DIF 1.377 −4.367 *** −2.190 ***
(0.73) (−3.40) (−5.71)

DIF2 −0.068 0.369 ** 0.439 ***
(−0.34) (2.94) (7.43)

FDI −26.358 1.537 4.986 **
(−1.25) (0.57) (2.76)

ERI −94.028 −32.923 *** −6.608
(−1.75) (−4.93) (−0.62)

POP −53.261 −20.082 * −41.093 ***
(−1.48) (−2.04) (−4.63)

MARKET −3.681 * −1.346 ** −0.047
(−2.37) (−2.26) (−0.21)

STRUC 2.691 *** 1.080 ** 1.699 ***
(6.23) (2.43) (6.27)

GTEC 0.971 0.490 * 0.054
(1.98) (1.94) (0.33)

Constant 120.922 52.461 ** 95.482 ***
(1.56) (2.45) (5.47)

Observations 96 117 117
R-squared 0.189 0.697 0.819

area YES YES YES
year YES YES YES

t-statistics in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

4.4.3. Heterogeneity of Human Capital Levels

Human capital significantly impacts the effectiveness of DIF. Firstly, human capital
drives the progress of digital technology. As DIF develops, the application of digital
technology becomes increasingly prevalent and intricate, necessitating a pool of talents
with relevant expertise and skills. Provinces with high human capital tend to boast a larger
talent pool, effectively fostering the advancement of DIF. Secondly, the enhancement in
the scale and quality of higher education contributes to reducing CEI [63]. Provinces with
high human capital achieve this reduction by augmenting workers’ income, heightening
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environmental awareness, modifying consumption patterns, and diminishing the demand
for high-carbon products.

The data in Table 9 reveal that, in provinces with high human capital, DIF exhibits a
robust nonlinear effect with a 1% significance level, as seen in column (1). Conversely, in
provinces with low human capital, the nonlinear effect of DIF is statistically insignificant,
as indicated in column (2).

Table 9. Heterogeneity of Internet penetration.

Variables
(1) (2)

CEI CEI

DIF −3.053 *** −2.449
(−5.98) (−1.44)

DIF2 0.245 *** 0.489
(5.50) (1.62)

FDI 0.291 −6.599
(0.35) (−0.25)

ERI −48.631 *** 15.768
(−3.77) (0.81)

POP −3.783 *** −4.044
(−6.91) (−0.55)

MARKET −0.134 *** 0.122 *
(−4.73) (1.81)

STRUC 15.916 *** 79.367 **
(3.73) (2.55)

GTEC 0.247 ** 0.344
(3.10) (1.00)

Constant 30.797 *** 32.076
(7.54) (0.51)

Observations 275 55
R-squared 0.947 0.991

Area YES YES
Year YES YES

t-statistics in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

5. Further Analysis
5.1. Impact Mechanism

Based on the results of the baseline regression analysis, it can be inferred that there
is a U-shaped relationship between DIF and CEI, but it is necessary to investigate the
mechanism behind this relationship in depth. Therefore, the mediating role of DTI was
tested with reference to the traditional stepwise regression method [64]. Column (1) of
Table 10 directly considers the relationship between DIF and DTI, and the results show that
DIF can significantly enhance DTI; after taking DTI as an explanatory variable in column
(2), DIF still has a significant U-shaped effect on CEI at the 1% level of significance, and
H2 holds.

Table 10. Impact mechanism.

Variables
(1) (2)

DTI CEI

DIF 0.641 ** −1.302 ***
(2.20) (−12.38)

DIF2 0.003 0.169 ***
(0.09) (17.14)

FDI 1.344 3.178 ***
(1.39) (9.17)
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Table 10. Cont.

Variables
(1) (2)

DTI CEI

ERI 11.176 ** −17.298 ***
(2.58) (−11.05)

POP −0.326 −0.989 ***
(−0.72) (−6.10)

MARKET 0.061 *** −0.038 ***
(2.71) (−4.69)

STRUC 5.421 5.612 ***
(1.38) (4.00)

GTEC 0.257 *** 0.109 ***
(4.35) (4.98)

DTI −0.053 **
(−2.49)

Constant 6.975 ** 8.889 ***
(1.99) (7.59)

R-squared 0.917 0.999
Number of id 30 30

Area YES YES
Year YES YES

t-statistics in parentheses, *** p < 0.01, ** p < 0.05.

5.2. Spatial-Spillover Effects Test
5.2.1. Spatial Autocorrelation Analysis

Before performing the spatial econometric analysis, we employed the worldwide
Moran index to evaluate the geographical correlation of the variables. Initially, we measured
Moran’s index for DIF and CEI, and the annual global Moran’s index is presented in
Table 11. Notably, the Moran index consistently maintains a positive value throughout
the observation period (2011–2021), indicating a spatial distribution of the two variables
exhibiting either high–high (H-H) or low–low (L-L) clustering. Furthermore, it is worth
mentioning that the Z-value associated with each year exceeds 1.96, indicating a significant
spatial autocorrelation between DIF and CEI across all provinces during the period of
2011–2021. Specifically, this suggests the presence of a spatial-clustering phenomenon and
a positive spatial correlation between DIF and CEI. Clustering occurs, and a positive spatial
association is apparent.

Table 11. Spatial autocorrelation analysis.

Year
DIF CEI

I z I z

2011 0.347 *** 4.008 0.228 *** 2.934
2012 0.401 *** 4.619 0.244 *** 3.067
2013 0.378 *** 4.404 0.243 *** 3.059
2014 0.380 *** 4.432 0.240 *** 3.034
2015 0.326 *** 3.856 0.237 *** 3.007
2016 0.365 *** 4.283 0.244 *** 3.032
2017 0.374 *** 4.386 0.227 *** 2.902
2018 0.396 *** 4.580 0.221 *** 2.876
2019 0.407 *** 4.684 0.224 *** 2.922
2020 0.414 *** 4.764 0.185 *** 2.647
2021 0.429 *** 4.910 0.182 *** 2.570

t-statistics in parentheses, *** p < 0.01.

To further capture the local spatial correlation, we utilized the local Moran’s I method
to analyze the spatial autocorrelation of the variables DIF and CEI at a local level. Figure 5
depicts Moran’s I scatter plots for DIF and CEI in each province for 2017 and 2021, revealing
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a strong positive spatial association locally, as most provinces cluster in the first and
third quadrants.
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Figure 5. Local spatial autocorrelation analysis. (a) Description of Moran’s I of DIF in 2017; (b)
Description of Moran’s I of CEI in 2017; (c) Description of Moran’s I of DIF in 2021; (d) Description of
Moran’s I of CEI in 2021.

5.2.2. Spatial Model Suitability Tests

Before conducting model estimation, it is crucial to assess the Lagrange Multiplier
(LM) alongside the Robust LM to ascertain the nature of spatial correlation, whether it
manifests in the error term or the lag term. This evaluation aids in determining whether
the Structural Equation Modeling (SEM) or the Spatial Linear Modeling (SLM) approach
is more appropriate. Additionally, it is essential to determine whether the Structural
Difference Method (SDM) can be simplified by utilizing Wald tests and likelihood ratio
tests (LRTs) for both the SEM and SLM models. Table 12 demonstrates that all data in the
LM test, excluding LM-spatial lag, are statistically significant. Hence, both the SLM model
and SEM model are viable options. Furthermore, when comparing the results of the Wald
test and LRT, it is evident that the initial hypothesis, suggesting that SDM reduces to SLM
or SEM, cannot be rejected. Consequently, the SDM model is chosen for regression analysis.

Table 12. Spatial model suitability tests.

Method Statistical
Value Pro Method Statistical

Value Pro

LM-spatial lag 1.180 0.277 Wald-spatial lag 50.22 0.000
Robust LM-spatial lag 14.625 0.000 LR-spatial lag 13.05 0.071

LM-spatial error 24.902 0.000 Wald-spatial error 48.31 0.000
Robust LM-spatial error 38.347 0.000 LR-spatial error 13.71 0.057
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5.2.3. Space Spillovers and Decomposition

Based on the results of the baseline regression, it is evident that there is a notable
U-shaped correlation between DIF and CEI. Therefore, the primary aim of this study was
to investigate whether DIF exerts a U-shaped influence on CEI in neighboring provinces.
The results, presented in Table 13, indicate that there is no substantial nonlinear effect of
DIF on CEI in adjacent provinces.

Table 13. Nonlinear spatial-spillover effects.

(1) (2) (3) (4) (5)

Main Wx Direct Effect Indirect Effect Total Effect

DIF −2.965 13.486 * −3.347 13.134 * 9.787
(−1.16) (1.87) (−1.23) (1.95) (1.45)

DIF2 0.291 −1.026 0.311 −1.019 −0.708
(0.76) (−0.86) (0.73) (−0.96) (−0.70)

FDI −9.724 244.433 *** −18.462 222.395 *** 203.934 **
(−0.48) (3.29) (−0.92) (2.96) (2.36)

ERI 60.433 *** −67.170 65.740 *** −71.602 −5.862
(2.62) (−1.23) (2.90) (−1.49) (−0.11)

POP −1.625 *** −2.312* −1.559 *** −1.805 −3.364 ***
(−5.15) (−1.94) (−4.70) (−1.59) (−3.21)

MARKET 0.055 −0.344 0.068 −0.329 −0.260
(0.48) (−0.93) (0.64) (−0.94) (−0.68)

STRUC 87.689 *** 263.683 *** 80.159 *** 227.425 *** 307.584 ***
(6.08) (4.17) (5.50) (3.36) (4.42)

GTEC −0.167 −0.417 −0.150 −0.420 −0.570
(−0.52) (−0.41) (−0.48) (−0.43) (−0.55)

Spatial −0.178
rho (−1.03)

Variance 0.556 ***
sigma2_e (7.89)

r2 0.005
N 330.000

t-statistics in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

This study further examines the linear relationship between DIF and CEI in neighbor-
ing provinces. As shown in column (2) of Table 14, when a province implements DIF, the
CEI of its neighboring provinces tends to rise. However, the regression coefficients of the
spatial econometric model do not directly capture the spatial-spillover effect of DIF on CEI.
To address this, the spatial effect is decomposed into three components: the direct effect,
the indirect effect, and the total effect. This decomposition is achieved using the spatial
regression partial differentiation method. An analysis of columns (3), (4), and (5) reveals a
positive spatial-spillover effect of DIF on CEI, thus providing empirical support for Hy-
pothesis H3a. There is indeed a spatial relationship between economic and trade activities
and atmospheric pollution. Furthermore, the flow of capital between provinces and the
spatial dispersion of air pollutants contribute to the impact of financial development on
CO2 emissions. This influence transcends provincial boundaries, having the potential to
affect other provinces as well.

Table 14. Linear spatial-spillover effects.

(1) (2) (3) (4) (5)

Main Wx Direct Effect Indirect Effect Total Effect

DIF −1.389 7.951 *** −1.613 7.219 ** 5.606 *
(−0.99) (2.62) (−1.08) (2.57) (1.89)
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Table 14. Cont.

(1) (2) (3) (4) (5)

Main Wx Direct Effect Indirect Effect Total Effect

FDI −6.821 247.639 *** −16.729 226.426 *** 209.697 ***
(−0.35) (3.59) (−0.87) (3.53) (2.86)

ERI 62.743 *** −73.440 68.327 *** −73.320 −4.994
(2.73) (−1.35) (3.02) (−1.49) (−0.10)

POP −1.537 *** −2.807 ** −1.450 *** −2.296 ** −3.746 ***
(−5.07) (−2.56) (−4.66) (−2.21) (−3.75)

MARKET 0.022 −0.301 0.031 −0.264 −0.233
(0.20) (−0.85) (0.31) (−0.82) (−0.66)

STRUC 82.298 *** 272.089 *** 73.530 *** 229.254 *** 302.785 ***
(6.09) (4.38) (5.99) (3.58) (4.59)

GTEC −0.228 −0.016 −0.224 0.048 −0.176
(−0.73) (−0.02) (−0.74) (0.06) (−0.21)

Spatial
rho

−0.175
(−1.01)

Variance
sigma2_e

0.561 ***
(7.88)

N 330.000

t-statistics in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

5.2.4. Spatial Heterogeneity Test

Table 14 displays the spatial-spillover impact of national DIF on CEI. However, spatial-
spillover effects may vary depending on a region’s geographical position and resource
availability. Therefore, we delve deeper into the diversity of the spatial spillover impact
of DIF on CEI. To analyze the variation in the spatial-spillover effect across different
geographic areas, we categorized the sample into three groups based on location: eastern,
central, and western provinces. The results, depicted in Table 15, indicate that the spatial-
spillover effect is insignificant in the eastern provinces, while it is significantly positive in
the central and western provinces.

Table 15. Spatial heterogeneity test.

Region Direct Effect Indirect Effect Total Effect R2

East −0.302 * 0.019 −0.283 0.893
(−1.66) (0.06) (−0.77)

Mid −3.064 *** 10.069 *** 7.005 *** 0.028
(−2.59) (5.17) (3.21)

West −1.613 7.219 ** 5.606 * 0.051
(−1.08) (2.57) (1.89)

t-statistics in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

5.3. Discussion

Based on the above studies, we draw the following conclusions: (1) DIF interacts
with CEI in a U-shaped manner, i.e., DIF initially inhibits CEI and then promotes it. This
result contrasts with the general consensus among most scholars that DIF can only inhibit
CEI [28,30,65,66], possibly due to the fact that the aforementioned scholars did not account
for the CEI promotion resulting from the scale effect of DIF and overlooked the nonlinear
relationship between DIF and CEI. (2) DTI has a nonlinear mediating effect on the impact
of DIF on CEI, and DIF can affect CEI nonlinearly by promoting DTI. Although previous
studies have examined the mediating effect of technological innovation, most of them
focused on green technological innovation [7,50,67], overlooking the mediating effect
of digital technological innovation, which is fundamental to the development of DIF.
Additionally, most previous studies primarily examined the linear impact of mediating
variables on CEI, disregarding their nonlinear relationship. (3) Heterogeneity analysis
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reveals that the nonlinear effect of DIF is significant in eastern and western provinces,
whereas DIF’s role is not significant in central provinces. Additionally, the nonlinear effect
of DIF is insignificant in provinces with a high level of green finance development but plays
a significant role in provinces with a medium–low level of green finance development.
Furthermore, the nonlinear effect of DIF is pronounced in regions with a high level of
human capital. In comparison to previous studies, this study explores the heterogeneity of
DIF from two novel perspectives: the degree of green financial development and human
capital. (4) DIF in this province will positively influence CEI in neighboring provinces.
Moreover, this study also analyzes geographic heterogeneity, indicating that DIF in central
and western provinces has a greater promotional effect on CEI in adjacent provinces,
whereas the spatial-spillover effect in eastern provinces is not apparent. Overall, this study
substantially addresses the shortcomings of previous research and offers a fresh perspective
on DIF.

However, this study also has some shortcomings. First, it lacks the derivation of the
formula for the impact of DIF on CEI. Therefore, in future research, a general equilibrium
model could be constructed, and partial derivatives employed to further explain the impact
of DIF on CEI, thus rendering the conclusions of this study more reliable. Secondly,
while this study investigates the carbon-reduction effect of DIF from the perspective of
CEI, Lee, et al. [68] considered both carbon emission intensity and carbon sequestration,
thus providing a more comprehensive exploration of the effect of DIF. Finally, this study
does not identify the causal relationship between DIF and CEI with sufficient precision.
Consequently, future studies need to further conduct a series of robustness tests, for
instance, by lagging both the independent and control variables by one period or utilizing
the instrumental-variable method.

6. Conclusions and Policy Implications

Based on the above findings, this study proposes a series of recommendations aimed
at enhancing the contribution of DIF to achieving low-carbon goals and advocates for the
promotion of digital technology innovation. This study suggests that digital technologies
play a crucial role in facilitating interactions between DIF and CEIs. Specifically, DIFs have
the ability to influence CEIs by fostering innovation in digital technologies. Therefore, it is
imperative that governments fund R&D and innovation strategies for digital technologies.
This includes financial and technical assistance for digital and high-tech businesses, as
well as increasing the utilization of digital technologies in the financial sector. Advances in
digital technology cannot be achieved without the development of digital infrastructure,
and it is crucial to accelerate the development of digital infrastructure while encouraging
digital technology innovation. To expedite data computation, information transmission,
and lay a solid hardware foundation for high-quality digital technological innovation and
application, data platforms, computation centers, and industrial bases must be constructed
using state-of-the-art technology and robust security measures.

It is also important to develop DIF moderately and encourage the coordinated devel-
opment of DIF and GF. In the development process, DIF will produce a technical effect
and a scale effect. The technical effect can effectively reduce CEI, but the scale effect will
increase it. In the early stages of DIF development, the technical effect outweighs the scale
effect, suppressing CEI; however, in the later stages, enterprises may invest heavily in
high-energy-consumption and high-pollution projects to pursue high profits and expand
production, leading to the scale effect outweighing the technical effect and increasing CEI.
Therefore, we should monitor the development process of DIF closely. The development of
GF can effectively channel capital toward environmentally friendly enterprises and green
technology, helping to mitigate the negative impact of the scale effect in the later stages of
DIF development. Consequently, during the DIF-development process, it is essential to con-
sider the coordinated development of DIF and GF. Specifically, financial institutions should
develop financial instruments that balance both DIF and GF considerations. In terms of the
service purpose, service path, and service technology of financial products, it is necessary
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to take into account the unique characteristics of DIF and GF and develop products and
services that cater to both. Additionally, it is crucial to strengthen the information-sharing
mechanism, dismantle information silos, achieve interconnectivity between DIF and GF
data, enhance the accuracy and efficiency of financial services, eliminate duplicate loans,
and improve capital utilization efficiency.

Next, it is crucial to encourage the coordinated development of DIFs across all
provinces: the siphoning effect and radiation effect of DIFs will have the DIFs in a province
pull up the CEI of neighboring provinces, while the imitation effect will enable the DIFs
in a province to assist neighboring provinces in reducing CEI, thereby also lowering the
CEI within the province. Therefore, in the process of DIF development, it is crucial to
foster coordinated development across all provinces to prevent a scenario where a few
provinces’ DIFs achieve better development, which could hinder the progress of neighbor-
ing provinces’ DIFs. This coordinated approach will mitigate the potential for significant
resource transfers from provinces with weaker DIF development to those with stronger
DIFs, as well as the relocation of polluting enterprises from provinces with higher DIF
levels to those with lower levels. Such relocations could ultimately lead to an increase,
rather than a decrease, in the CEI of provinces with lower DIF levels, thereby hindering the
achievement of carbon-neutrality goals. Therefore, communication and cooperation should
be fostered throughout the DIF-development process. Specifically, eastern provinces with a
high DIF development level should be encouraged to collaborate with central and western
provinces with a lower DIF development level. Leveraging their advantages in technology,
talent, market, policy, and industry, the eastern provinces can achieve breakthroughs in
digital technology application and innovation, creating valuable experiences that can be
replicated and extended in central and western provinces. Meanwhile, the central and
western provinces should take the initiative in addressing challenges and strengthening
technical exchanges and cooperation among government, universities, research institutes,
and enterprises. Through these exchanges and collaborations, the provinces can jointly
develop DIF while maximizing the goal of reducing carbon emissions.

In conclusion, DIF refers to the merging of digital technology and finance, creating a
novel financial industry. As the integration of digital technology and finance continues to
deepen, DIF is expected to experience rapid global growth. This growth will bring a series
of economic effects and environmental effects that are worthy of attention.
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