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Amid persistent growth in global carbon outputs, enhancing carbon emission
efficiency (CEE) has emerged as a pivotal strategy for synchronizing economic
and ecological objectives. Digital finance (DF), leveraging its distinctive
technological capabilities and inclusive financial features, plays a catalytic role
in CEE optimization. This research methodically investigates the effect of DF on
CEE using panel data (282 Chinese cities, 2011-2022) and several panel
econometric estimation techniques. The findings reveal that: 1. The influence
of DF on CEE follows a U-shaped trend, first suppressing and then promoting.
Heterogeneity analysis reveals that the U-shaped relationship is more
pronounced across two dimensions—coverage breadth and usage depth—as
well as in resource-based cities and key environmental protection cities. 2.
Mechanism analysis demonstrates that DF exerts a U-shaped effect on green
technology innovation, human capital accumulation, and public environmental
awareness, thereby indirectly shaping CEE. 3. Policy synergy test reveals that the
“Carbon Emission Trading” and “Low-Carbon City” pilot policies significantly
amplify the U-shaped relationship between DF and CEE. In contrast, the effect
of digitalization and infrastructure-oriented policies, exemplified by the “Smart
City” and “Broadband China” pilot policies, is statistically insignificant. This study
not only enriches the theoretical understanding of DF’s environmental effects but
also provides policy insights for leveraging DF to accelerate green transformation.

carbon emission efficiency, Chinese evidence, digital finance, digitization, digitisation,
nonlinear effect

1 Introduction

Global climate change’s increasing effects pose significant challenges to sustainable
development, primarily driven by the intensifying greenhouse effect resulting from
anthropogenic CO, emissions (Li et al, 2025; Nusa et al, 2025). In this context,
advancing ecological modernization and mitigating climate-altering emissions have
garnered widespread international consensus. Carbon emission efficiency (CEE), a
major metric of low-carbon economic performance, is an important tool for balancing
environmental sustainability with economic growth (Sun and Huang, 2020). Beyond
offering transitional flexibility for conventional industries, CEE also supports the
gradual dissociation between GDP growth and carbon output (Wang and Su, 2020).
Global CO, emissions increased marginally by 0.8% year-on-year in 2024, while economic
growth reached 3.2%”. This indicates a further weakening of the linkage between carbon
emissions and economic development and marking preliminary progress in global low-
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FIGURE 1
Distribution maps of DF.

carbon transition. However, significant disparities in CEE persist
across nations. Developed countries, leveraging clean energy
technologies and industrial restructuring, have achieved notable
emission reductions, whereas developing countries face greater
challenges due to energy structure constraints and technological
gaps (Napp et al., 2014). Thus, identifying effective pathways to
enhance CEE has become an urgent priority, with decisive
implications for global climate governance.

Recently, the rapid development of digital finance has provided
new technological tools and innovations in financial models to
address this challenge. As reported by China Research Network,
the global DF market surpassed $8.5 trillion in 2024, with a
compound annual growth rate of 18.7% from 2019 to 2024,
reflecting its robust expansion (Figure 1). Digital finance,
leveraging its advantages of low cost, high penetration, and
intelligence, effectively breaks the spatial and temporal
constraints of traditional financial services (Wang et al., 2024).
Furthermore, AI technologies enhance its efficiency in data
mining, risk pricing, and resource allocation. This enables more
precise identification of green projects, tracking of carbon
footprints, and optimization of green capital allocation (Wu
et al, 2024), thereby creating new potential pathways for
improving carbon emission efficiency (CEE). However, there is
significant theoretical debate regarding the impact of digital
CEE.

empowerment” effect, contending that it channels capital toward

finance on Some scholars emphasize its “green
low-carbon sectors (Ding et al., 2023). Others, however, warn of a
potential “carbon rebound” effect—for instance, where convenient
credit stimulates high-carbon consumption, or more efficient capital
allocation indirectly expands energy-intensive industries—which
could suppress improvements in CEE (Le et al., 2020). Existing
research has yet to adequately reconcile these opposing views,
particularly lacking systematic empirical examination of the

nonlinear mechanisms and complex transmission pathways

Abbreviations: CEE, Carbon emission efficiency; DF, Digital finance; LCCPP,
“Low-carbon city” pilot policy; CETPP, “Carbon emission trading” pilot policy;
GTl, Green technology innovation; HC, Human capital; PEA, Public
environmental awareness; SCPP, “Smart City” Pilot Policy; BCPP,
“Broadband China" pilot policy.

Frontiers in Environmental Science

DF in 2022

finance influences CEE. Therefore,

through which digital
clarifying this debate and identifying the conditions under which
digital finance serves as a “green accelerator” rather than a “carbon

lock-in” tool is of significant theoretical and practical importance.

Meanwhile, China, as the world’s largest carbon emitter and one
of the economies with the most extensive application of digital
finance, is experiencing intensive dual pressures. These pressures
arise from the rapid development of digital finance on one hand, and
the rigid constraints of carbon reduction on the other (as shown in
Figures 1, 2). This context amplifies the interaction between DF and
carbon emission efficiency, thereby enhancing the feasibility of
identifying their
complex impact mechanisms. Simultaneously, the coordinated
advancement of the national-level “Dual Carbon” goals and the

empirically nonlinear characteristics and

“Digital China” strategy provides a unique research window. This
window is characterized by clear policy structures and accelerating
processes, which enables the observation of the long-term dynamic
evolution of both DF and green transformation. Consequently, this
window not only enhances the observability of their relationship but
also provides a crucial real-world scenario for analyzing the
underlying causal pathways and synergistic mechanisms in depth.
Against this backdrop, this study focuses on Chinese cities to explore
three core questions: (1) What is the overall impact of digital finance
on carbon emission efficiency? (2) Through what key mechanisms
does this impact occur? (3) How does the effect vary across regions
with different characteristics and policy environments? The findings
aim to provide a theoretical and empirical foundation for
synergistically advancing digital finance innovation and low-
carbon transition. They also hold significant reference value for
other emerging economies facing similar challenges.

Marginal contributions of this study: 1. Research perspective:
Unlike the prevalent linear analysis approaches adopted in existing
literature (Ding et al., 2023; Zhang and Liu, 2022; Zhang et al., 2025),
this paper establishes a nonlinear analytical framework that captures
DF’s stage-dependent developmental dynamics, uncovering its
heterogeneous effects on CEE across growth phases. 2.
Mechanism framework: A tripartite “technology supply-factor
allocation-social ~ demand”  framework is proposed to
systematically explain how DF enhances CEE through green
innovation, human capital (HC) accumulation, and public

environmental awareness (PEA). 3. Policy dimension: Unlike
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Distribution maps of CEE.

studies focusing solely on direct policy effects (Hou et al., 2024; Yu
and Zhang, 2021; Zhang et al., 2022a), this research demonstrates
the synergistic role of national policies in moderating the DF-CEE
relationship, offering empirical evidence for policy optimization.

2 Literature review

2.1 Research on measurement and
influencing factors of CEE

The concept of CEE was first proposed by Kaya and Yokobori
(1997). Early studies on its measurement employed single-factor
indicators (e.g., CO, emissions per unit GDP) to assess the
environmental impact of economic growth (Sun, 2005). While
offered
(Vujovi¢ et al, 2018), they only reflected the proportional

such intensity indicators computational simplicity
relationship between output and carbon emissions and failed to
comprehensively consider the synergistic effects of factors like
capital, labor, and technology. Consequently, scholars have
shifted to efficiency measurement methods under a total-factor
framework. These methods evaluate technical inefficiency by
comparing actual input-output combinations with the production
frontier (Farrell, 1957). Among them, the slack-based measure
(SBM) model (Tone, 2001) enables more precise identification of
input excesses and output shortfalls, thereby improving the
reliability and scientific validity of CEE assessments.

Previous research on the drivers of carbon emission efficiency
(CEE) formed two complementary strands: internal capacity
building and external environmental intervention. The first
strand focused on technological innovation as the core engine for
internal capacity building. Broad technological progress (Xie et al.,
2021) and green innovation (Fang et al., 2022) were identified as key
factors in enhancing efficiency. Meanwhile, Zhao et al. (2023)
examined the unique role of digital technological innovation and
suggested a potential complex, U-shaped nonlinear relationship
with CEE. Research on external environmental intervention
primarily explored the role of policies and digitalization.
Command-and-control policies such as the “Low-Carbon City”
pilot policy (LCCPP) and the “Carbon Emission Trading” pilot
policy (CETPP), and market-incentive policies such as carbon
trading, were shown to effectively set emission reduction
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constraints and incentives, thereby improving CEE (Hou et al,
2024; Yu and Zhang, 2021; Zhang et al., 2022a; Li Z. et al., 2022).
Conversely, studies examining digitalization-driven improvements
in CEE often treated digitalization (e.g., the digital economy, digital
infrastructure) as a static regional endowment or industrial
characteristic. These studies investigated mechanisms such as
optimizing industrial and energy structures,

technological progress and green innovation (Han and Jiang,

promoting

2022; Wang et al, 2022), and enhancing public environmental
awareness and urban innovation capabilities (Du et al., 2023).
However, the existing literature predominantly examined the
direct impact of individual policies on CEE. Thus, given the
practical need for coordinated policy development, how external
policy shocks influence the relationship between digital finance and
CEE remained systematically underexplored.

2.2 Research on DF and the environment

Regarding the environmental effects of digital finance, existing

research confirmed its multi-dimensional impacts, such as
promoting green technology innovation (Feng et al, 2022),
mitigating environmental inequality (Li et al., 2022b), fostering
green development (Zhuang et al, 2022), curbing corporate
environmental violations (Khalid et al, 2024), and improving
energy utilization efficiency (Yang and Masron, 2022). Against
this broad backdrop, studies further focused on its core role in
carbon emissions. Most scholars argued that digital finance could
significantly reduce carbon emission intensity (Lu et al, 2023),
primarily through pathways such as the promotion of green
technology innovation and industrial structure upgrading (Ding
et al, 2022; Shao et al., 2022). At the same time, research also noted
the complexity of its effects, including potential spillover effects such
as carbon leakage (Yan et al., 2023) or urban-rural inequality (Feng
S. et al, 2024). Additionally, the research perspective deepened,
shifting from “carbon emission quantity” to the more
comprehensive “carbon emission efficiency”. A limited number
of pioneering studies began to explore the direct impact of digital
finance on carbon emission efficiency. They found that it could
enhance efficiency by strengthening environmental regulations
(Ding et al., 2023) or synergizing with green innovation (Zhang

et al,, 2025). However, most literature adopted a linear analytical
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framework, whereas the impact of digital finance on carbon
exhibit
characteristics—a topic that remained relatively understudied.

emission  efficiency  might nonlinear  dynamic
Furthermore, existing research perspectives were largely confined
to technological innovation and policy regulatory dimensions, and
failed to systematically examine the potential transmission role of

social forces such as public environmental awareness.

3 Theoretical mechanism and research
hypotheses

3.1 Nonlinear relationship

In the nascent development phase of DF, its environmental
impact is predominantly characterized by the expansion of scale.
Firstly, from the perspective of the technology adoption lifecycle, the
construction and operation of digital financial infrastructure are
accompanied by significant energy consumption (Uddin and
Rahman, 2012). Because the application of the technology is not
yet mature and system optimization remains insufficient, the carbon
emission intensity per unit of financial output remains at a relatively
high level. This observation aligns with the technological innovation
diffusion theory, which posits that efficiency losses are common
during the early stages of technology adoption. According to this
theory, emerging technologies often struggle to achieve optimal
energy efficiency in their initial commercialization phase. Secondly,
within the theoretical framework of information economics, digital
financial platforms in their early development stage face severe
information asymmetry issues (Akerlof, 1978). The absence of
unified environmental information disclosure standards and a
reliable green assessment system prevents market mechanisms
identifying
externalities. This institutional deficiency leads to a dual market

from effectively and pricing environmental
failure: On one hand, high-carbon projects may secure financing due
to their observable short-term financial advantages (Le et al., 2020).
On the other hand, investments in clean technologies, which carry
positive long-term environmental externalities, are often hindered
by the underdeveloped evaluation framework. This distortion in
resource allocation ultimately manifests as a decline in overall CEE.

However, as information technology becomes widely adopted
and DF reaches a more advanced stage, its environmental impact
shifts towards significantly enhancing carbon emission efficiency
(CEE), primarily by reducing resource consumption and transaction
costs. This process is closely linked to the structural and
technological effects described by the Environmental Kuznets
Curve (EKC). From the perspective of the structural effect, the
integration of DF with technologies such as artificial intelligence and
blockchain effectively lowers the financing costs for green projects
(Wu and Huang, 2022). This directs capital toward low-carbon
sectors like clean energy and carbon capture. Consequently, it
facilitates the transition to industrial structures characterized by
lower pollution and emissions, generates economies of scale, and
accelerates the green transformation of the economic framework. In
terms of the technological effect, DF leverages online financial
service systems and data-driven business models to substantially
cut energy and resource consumption in financial operations. This is
achieved through paperless transaction processes, intelligent credit
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approval algorithms, and optimized allocation of distributed
computing resources. These advancements enhance total-factor
CEE (Zhou et al,, 2024), demonstrating a direct contribution of
technology-enabled solutions to emission reduction. Furthermore,
DF stimulates the development of green financial products and
services such as green credit, green securities, and sustainable
investments (Javeed et al., 2024). It also fosters the creation of
market-based instruments, including carbon futures and the
securitization of carbon assets. By generating accurate price
signals, these innovations incentivize businesses to adopt clean
thereby
synergistically improving CEE through both structural and

technologies and optimize production processes,

technological pathways.

Hypothesis 1: The impact of DF on CEE follows a U-shaped
pattern, first suppressing and then promoting.

3.2 Mechanisms

Existing research on DF and CEE primarily focuses on policy
and technological pathways such as environmental regulation,
resource allocation, and green innovation, while the mechanisms
in social dimensions remain underexplored. To address this gap, this
study constructs a systematic analytical framework based on the
Multi-Level Perspective (MLP) theory (Geels, 2005) to explain the
mechanism through which DF affects CEE from three levels:
technological niches (micro), socio-technical regimes (meso), and
macro-environment (macro). At the micro level, technological
niches serve as nurturing spaces for emerging technologies,
aligning with the development needs of GTI. At the meso level,
the rules, skills, and infrastructure contained in the socio-technical
regime collectively manifest as the accumulation and transformation
of HC. At the macro level, PEA embodies cultural values in the social
Therefore,  this
mechanisms—GTI, HC, and PEA—to systematically examine the

dimension. study  selects three key

impact mechanism of DF on CEE.

3.2.1 GTl mechanism

GTT faces financing constraints due to its long investment cycles,
high risks, and information asymmetry (Hottenrott and Peters,
2012). On the one hand, the of digital
infrastructure requires substantial concentrated funding (Xie

development

et al,, 2024), which directly diverts financial resources that might
otherwise have been allocated to green technology research and
development. This competition for resources creates a “crowding-
out effect” on green innovation projects in the capital markets. On
the other hand, in the early stages of DF development, its risk
assessment models primarily focus on traditional financial metrics
(Lin and Ma, 2022), relatively overlooking the long-term
environmental benefits and potential value of GTI. As a result,
financial support for such projects remains relatively limited.
However, as digital financial systems mature, their role in
promoting green innovation becomes increasingly evident,
effects” through
resource allocation efficiency (Sun et al., 2024). Firstly, digital

generating significant “network improved
technology-based risk assessment systems mitigate information

asymmetry (Lin and Ma, 2022), directing funds precisely to green
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innovation fields and reducing resource misallocation risks.
Secondly, by leveraging big data analytics capabilities, DF
achieves efficient matching between investor risk preferences and
the characteristics of green projects (Feng et al., 2022). This directly
enhances the identification and pricing of green innovation
initiatives and significantly improves the conversion efficiency of
innovative outcomes. Finally, through technological support such as
blockchain, DF facilitates intellectual property transactions, directly
reducing the commercialization risks associated with green
technologies.

Moreover, green innovation directly reduces pollution and
carbon emissions by improving production processes, reducing
coal dependence, and increasing resource utilization efficiency
(Zhao et al.,, 2024). Furthermore, it drives industrial restructuring
toward cleaner and higher value-added directions (Xu et al., 2021),
enhancing CEE at the source.

Hypothesis 2: DF has a U-shaped impact (first suppressing then
promoting) on GTI, thereby indirectly affecting CEE.

3.2.2 HC mechanism

During the initial stage of DF development, its technological
substitution effect directly impacts the job structure within
traditional financial business models (Balsmeier and Woerter,
2019), leading to unemployment risks and declining incomes for
laborers with traditional skills, thereby temporarily suppressing the
overall level of HC. However, as DF matures, its HC enhancement
effects gradually emerge. Firstly, DF platforms integrate big data
analytics and AI to establish intelligent talent assessment and
matching systems, which improves the precision of human
resource allocation across industries and roles. Secondly, the
advancement of DF fosters diversified education and training
systems, including online education resources and expanded
career development pathways, effectively upgrading workforce
skills and adaptability to industrial restructuring (Feng R. et al,
2024). Thirdly, DF provides robust support for entrepreneurial
activities by lowering the barriers to startup financing and
creating new types of job opportunities (Liu et al., 2022). These
enterprises are more willing and capable of increasing investment in
training employees’ environmental protection skills and capabilities
in applying green technologies, thereby systematically enhancing
HC quality.

Additionally, high-quality HC, which possesses professional
knowledge, technical application capabilities, rapid learning
ability, and systemic coordination skills, significantly enhances
CEE (Zhen et al,, 2024). Skilled labor also demonstrates stronger
adaptability to digital technologies, bridging application gaps and
further improving carbon efficiency (Li et al., 2023).

Hypothesis 3: DF has a U-shaped impact (first suppressing then
promoting) on HC, thereby indirectly affecting CEE.

3.2.3 PEA mechanism

In the early stages of DF, its instrumental characteristics, like
lowering consumption thresholds and improving borrowing
convenience (Li et al., 2020), may trigger irrational consumption
behaviors (e.g., fast fashion, frequent electronics upgrades). This
reinforces an instant gratification psychology, which conflicts with
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the long-term benefits of environmental actions and thereby
suppresses PEA. As digital financial systems mature, their role in
promoting environmental awareness becomes evident. Firstly,
innovative products like digital carbon accounts and “Ant Forest”
visually quantify low-carbon behaviors (Shao and Xu, 2023),
enhancing public perception of environmental actions. DF
utilizes technological means to directly embed environmental
awareness into the moment of consumer decision-making. For
example, payment tools can integrate features that display a
product’s company’s
environmental rating when users scan QR codes to pay. This

estimated carbon footprint or a
provides consumers with immediate, quantifiable information on
environmental costs, transforming abstract eco-friendly concepts
into tangible parameters for purchasing decisions and guiding users
toward more environmentally conscious choices. Secondly,
incentive policies implemented by DF platforms, such as
Shenzhen’s “Carbon Coin” system, convert environmentally
friendly behaviors into economic benefits. By linking green
consumption actions to broader point, discount, or coupon
systems, these policies deliver immediate positive feedback at the
point of payment, directly enhancing public motivation to
participate in low-carbon activities (Li F. et al, 2024). Lastly,
to DF, blockchain, offer
immutability traceability, significantly enhancing the
credibility of environmental data. This technology-enabled trust

technologies inherent such as

and

forms the foundation for effectively mobilizing and sustaining PEA.

Furthermore, heightened PEA strengthens social supervision,
pressuring polluting firms to improve environmental governance
(Zhang et al., 2022b), while accelerating market penetration of
energy-saving products (Jakucionyté-Skodiene and Liobikiene,
2023), collectively enhancing CEE from both production and
consumption perspectives.

Hypothesis 4: DF has a U-shaped impact (first suppressing then
promoting) on PEA, thereby indirectly affecting CEE.

4 Data sources and model construction
4.1 Dependent variable

DF: This study primarily follows the approach of Li Z. et al.
(2024) by utilizing the Peking University Digital Financial Inclusion
Index, divided by 100 to mitigate heteroscedasticity. This index,
jointly compiled by the Institute of DF at Peking University and Ant
Group Research Institute, is authoritative and widely recognized,
providing a comprehensive measure of DF development across
various levels in China (see Supplementary Appendix S8).

4.2 Independent variable

CEE: Building on Gao et al. (2021) methodology, we adopt the
Super-SBM model incorporating undesirable outputs to quantify
CEE (Equation 1). Unlike unidimensional metrics like aggregate
emissions or carbon intensity (Vujovi¢ et al., 2018), this input-
output based efficiency measure offers a comprehensive evaluation
of regional low-carbon transition effectiveness (see Supplementary
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Appendix 59). The input factors include: (1) Capital input, deflated
to the base year 2006 using the fixed asset investment index and
calculated via the perpetual inventory method. (2) Labor input,
measured by the number of employed persons at the prefecture level
(including urban units and private sector workers). (3) Energy input,
estimated based on total electricity consumption, natural gas supply,
and liquefied petroleum gas supply, converted into standard coal
equivalents. The desirable output is real GDP deflated to
2006 constant prices, while the undesirable output is the total
energy-related carbon emissions at the city level.

n
X2 Z 0;xi;
=LAk
_ n
1ym X 9 g
_ . mZi:I Xi; ¢ y < Z ejyr]
Pre = 1un — — S j=l#k
1 zsl ﬂ‘l’ zsz y_b> . n
T r=1 49 gq=1 yb b
s1 Sz( Yk Yok y > Z 6}}/‘1]
j=L#k
2% 99<y",9920,020

In Equation 1, p,, represents the CEE of cities, n denotes the
number of DMUs, each DMU has m inputs, S; desirable outputs,
and S, undesirable outputs, while yfk, yzk, xir and 9j are the
correlation coefficients of the expected output of r, the
unexpected output of g, the input of i, and the linear

combination of j.

4.3 Control variables

The following control variables are chosen to take into
consideration other possible impacting factors. (1) Economic
development (ED): The logarithm of GDP per capita (Sun and
Huang, 2020), capturing its direct impact on resource allocation
efficiency. Regional economic development determines resource
endowments, industrial structure, and the capacity for green
technology investment, while also profoundly affecting the
penetration depth and development model of DF. It serves as a
key macro-level condition influencing CEE. (2) Population density
(PD): The logarithm of population per administrative area (Lu et al.,
2023). Agglomeration effects can not only reduce the marginal cost
of digital financial service provision and promote its scalable
development but may also influence regional energy
consumption patterns and CEE through knowledge spillovers
transportation demand. (3)

development level (IDL): The proportion of secondary industry

and  concentrated Industrial
value-added in GDP. The industrial sector is typically a major source
of energy consumption and carbon emissions, and its scale directly
determines the baseline emission intensity of a region. Additionally,
the industrial structure influences the demand for both traditional
and digital financial services. (4) Financial development level (FDL):
The ratio of year-end financial institution loan balances to GDP (Ma
et al, 2025). A mature financial system serves as an important
foundation for the development of DF, and the two may exhibit
either synergistic or competitive relationships. Meanwhile, the
overall level of financial development itself affects GTI and
polluting capital
efficiency. (5) Openness: The proportion of total imports and

investment decisions allocation

through
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exports to GDP (Vi et al., 2022). International trade influences
the environmental performance of host countries through multiple
channels such as technology spillovers, competition effects, and the
“pollution haven” effect. Simultaneously, an open economy also
shapes emerging sectors such as digital financial services.

4.4 Mediating variables

(1) GTI: Following Li et al. (2022a), this study measures it by
summing the number of green invention patent applications and green
utility model patent applications. Patent data objectively reflect regional
green technology R&D capabilities and comprehensively capture
innovation activities by including both invention and utility model
patents. (2) HC level: Drawing on Yuan and Zhu (2018), it is measured
by the proportion of regular higher education institution enrollments to
the registered population. College students represent the core source of
future high-quality labor, making this indicator an effective proxy for
long-term regional HC reserves. The higher education community
possesses not only professional expertise and learning capabilities but
also serves as a critical vehicle for disseminating green technologies and
low-carbon concepts. A higher proportion of this demographic
indicates a richer reserve of high-quality talent and a stronger
foundation for innovation capacity in a region’s transition towards a
green economy. (3) PEA: Following Zhou and Ding (2023), it is
measured by aggregating Baidu search indices (PC and mobile)
using “environmental pollution” as the keyword (PEA1). As China’s
most mainstream and widely used search engine, Baidu broadly reflects
real-time public attention and genuine information needs. Its search
data exhibit notable timeliness and representativeness, effectively
overcoming the limitations of traditional survey methods in terms of
timeliness and potential subjective bias. The Baidu search index not only
captures proactive public attention and information-seeking behavior
regarding environmental pollution issues but also reflects societal-level
environmental anxiety and potential engagement intentions, serving as
a valid proxy for social environmental awareness and latent pressure for
green governance. Furthermore, following Hu et al. (2023), this study
constructs a second measure (PEA2) by collecting annual public
message data from the environmental protection section of the
People’s Daily Online Leadership Message Board and applying a
logarithmic transformation. This measure aims to characterize public
behavior in expressing environmental concerns through formal
channels. Together, PEA1 and PEA2 measure public environmental
concern from the dimensions of daily, latent attention and formal, active
expression, respectively, thereby enhancing the robustness of
the findings.

4.5 Data sources and descriptive statistics

Given that around 2011, third-party mobile payment platforms
represented by Alipay and WeChat Pay entered a phase of rapid
commercialization and widespread adoption, with transaction
volumes experiencing explosive growth, this period marks a
transition from initial exploration to the new stage of scaled and
ecosystem-driven development in digital finance. Therefore, selecting
2011 as the sample start year effectively captures the complete
developmental trajectory of digital finance as a core explanatory
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TABLE 1 Descriptive statistics.

Variables  Observations Mean SD Min Max
CEE 3,384 0.410 0.155 0.081 1.133
DF 3,384 1.938 0760 | 0.170 = 3.611
DF? 3,384 4.334 2814 | 0029 = 13.037
GTI 3,384 0.682 1.964  0.000  29.754
HC 3,384 2,019 2519 | 0005 15105
PEA1 3,384 23222 | 26522 0.000 = 164.507
PEA2 3,384 1.994 1582 0.000  7.708
ED 3,384 10789 | 0573 | 8773  13.056
PD 3,346 0.187 0565 | 0000 28368
IDL 3,384 5.749 0929 = 1.628  8.100
FDL 3,384 1.077 0622 | 0132 7451
Openness 3,384 45.137 10.995 11.700 89.340

variable, from its inception to its deepening impact. This approach
avoids including a large number of “zero-value” or “low-variation”
observations that would arise from an earlier sample period, thereby
enabling a more precise identification of its true impact on carbon
emission efficiency. The dataset used in this study primarily consists of
panel data from 282 prefecture-level cities in China covering the
period from 2011 to 2022. Data were mainly sourced from the
National Intellectual ~Property ~Administration, China City
Statistical Yearbook, China Urban-Rural Construction Statistical
Yearbook, the official website of the National Bureau of Statistics,
and the Institute of DF at Peking University. Data for both PEA
proxies were manually collected: the Baidu search index (PEA1) and
the People’s Daily Online Leadership Message Board (PEA2). Table 1
presents the descriptive statistics of the variables.

4.6 Models

4.6.1 Baseline model

Drawing on the classic EKC theoretical framework in
environmental economics and the research model of Li Z. et al.
(2024), we selected DF as the core explanatory variable and
constructed a two-way fixed effects model incorporating both
linear and quadratic terms of DF:

@)

CEEn = + oy DF; + azDFizt + Q3Cl‘t + I+ >\t + &t

In Equation 2, i denotes the city and t denotes the year, Cj; is a
vector of control variables, y; captures city fixed effects, A, captures
year fixed effects, €; is the random error term, If o, is negative and a,
is positive, this would confirm Hypothesis 1.

4.6.2 Mechanism analysis model

To examine the transmission channels through which DF affects
CEE, we followed Jiang (2022) and established the following
mediation model:

M, = B, + B,DFi + B,DF% + B,Cit + 1 + A + & (3)
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FIGURE 3

DF and CEE fitting line.

In Equation 3, M; represents the mediating variables, which
specifically include GTI, HC level, and PEA. All other variables
remain consistent with those in Model (2).

4.6.3 Moderating effect model

To further examine the potential moderating role of external
policy shocks in the process through which DF affects CEE, the
following moderating effect model is established:

CEE; = § + 8,DF; + §,DF;,
+ 8;policy+8,policy - DF; + 8spolicy - DF. + 85Ci¢ +
+ A+ &

4)

In Equation 4, policy

policy - DF;, and policy - DF:  denote the interaction terms

represents the policy variable,

between the policy and the linear and quadratic terms of DF,
respectively. All other variables remain consistent with those
in Model (2).

5 Empirical results analysis

Based on preliminary fitting results, a “ U-shaped” relationship
is observed between DF and CEE (Figure 3). To draw more robust
conclusions, it is necessary to further validate this relationship
through rigorous regression analysis.

5.1 Benchmark regression results analysis

Table 2 reveals statistically significant coefficients for DF
(negative, p < 0.01) and DF* (positive, p < 0.01), confirming a
U-shaped association between DF and CEE. This nonlinear
relationship remains robust as additional control variables are
gradually introduced. This finding, building upon the linear
relationship identified by Zhang and Liu (2022), further reveals a
dynamic non-linear effect between DF and CEE characterized by
initial inhibition followed by subsequent promotion, thereby
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TABLE 2 Benchmark regression results.

10.3389/fenvs.2026.1739323

Variables ()] (2) (3) (4) (5) (6)
DF ~0.494%% —0.3720* ~0.379%* —0.3810* —0.382%% —0.383*
(0.073) (0.071) (0.072) (0.072) (0.072) (0.071)
DF? 0.090%* 0.079*%* 0.080%** 0.085* 0.085%** 0.085%*
(0.011) (0.011) (0.011) (0.011) (0.011) (0.011)
ED —0.080%%* —0.081%* —0.080%%* ~0.076*** —0.075%
(0.018) (0.018) (0.018) (0.020) (0.022)
PD ~0.005%** —0.004%%* ~0.004** ~0.004**
(0.001) (0.002) (0.002) (0.002)
IDL —0.117% —0.117+ ~0.116%
(0.056) (0.056) (0.057)
FDL 0.006 0.006
(0.013) (0.013)
Openness -0.0001
(0.001)
CONS 0.978%* 1,648 1671 23174 2.278%%* 2.266%**
(0.108) (0.200) (0.203) (0.371) (0.387) (0.412)
N 3,384 3,384 3,346 3,346 3,346 3,346
R 0.769 0.774 0.771 0.772 0.772 0.772

%, #%, and * indicate significance levels of 1%, 5%, and 10%, respectively, () values are robust standard errors, the same below.

deepening the understanding of the complex mechanism between
the two. This pattern arises because, in the early stages of DF,
services primarily cater to traditional economic activities, and the
environmental benefits of technological applications are not yet fully
realized. Initial business models and product innovations focus on
conventional economic activities, such as retail consumption and
routine transfers (Wang et al, 2024). Digital credit primarily
supports the financing needs of enterprises in traditional
manufacturing and service sectors, with relatively little
consideration for environmental benefits. As DF matures, it
leverages big data to precisely match green credit allocations,
optimizing resource allocation efficiency (He et al, 2022). DF
institutions can identify firms with strong environmental
performance and green development potential, offering favorable
credit terms and greater financing support to green projects (Javeed
et al,, 2024), thereby promoting corporate green development and
effectively enhancing CEE.

Regarding the control variables, economic development: The
coefficient is significantly negative, as local officials tend to
allocate resources to visible economic growth metrics to
demonstrate political achievements quickly, while neglecting
less tangible environmental performance metrics like CEE
(Shen et al., 2021). Openness: The coefficient is significantly
negative, likely due to foreign firms relocating high-pollution,
high-energy-consumption industries to China (Repkine and
Min, 2020), suppressing CEE and creating a “pollution
haven” effect. Population density: The coefficient is
significantly negative, reflecting that elevated population
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concentration intensifies both economic operations and residential
consumption, consequently amplifying energy requirements and
environmental pollutants (Lu et al., 2023). Financial development:
The coefficient is positive, as financial development improves
capital allocation efficiency, driving the transition to technology-
intensive industries (Yang and Ni, 2022) and enhancing energy
use efficiency while reducing emission intensity. Industrial
development level: The coefficient exhibits a negative
association, reflecting the industrial sector’s substantial role in
carbon emissions (Lu et al., 2023).

5.2 Robustness tests

To ensure the robustness of the findings, several tests were
conducted: 1. Alternative dependent variable: Following (Charnes
et al, 1978), CEE was recalculated using the CCR model. 2.
Exclusion of municipalities: Given the unique economic,
infrastructural, and social characteristics of municipalities, the
four direct-administered municipalities were excluded®. 3.
Winsorization: To mitigate outlier effects, a 1% two-sided
winsorization was applied to the panel data. 4. Lagged control
variables: To address potential endogeneity, all five control
variables were lagged by one period (Li F. et al, 2024). 5.
Logarithmic transformation: A logarithmic transformation was
applied to the openness indicator to mitigate its fluctuations.
Table 3 Column (1)-(5) results remain consistent with the
benchmark results.
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TABLE 3 Robustness test results.

Variables ()] 2) (3) (4) (5)
DF 04407 | 03777 | —0.4017%F | —0.4247% | —0.377%%%
(0.083) (0.073) (0.071) (0.075) (0.072)
DF? 0.097*** 0.084*** 0.087**+* 0.096*** 0.083***
(0.013) (0.012) (0.012) (0.013) (0.012)
C Y Y Y Y Y
CONS 2.968*** 2.270%** 2.333%** 2.599*** 2.225%**
(0.454) (0.411) (0.435) (0.417) (0.378)
Year fixed Y Y Y Y Y
City fixed Y Y Y Y Y
N 3,346 3,298 3,346 3,066 3,346
R* 0.759 0.771 0.775 0.785 0.774

5.3 Endogeneity test

Firstly, following Guo et al. (2023) and Yang et al. (2024), we
used the geographic distance from sample cities to Hangzhou as an
instrumental variable. Hangzhou is the birthplace and global
headquarters of Ant Group and its predecessor, Alipay. As the
pioneer of China’s mobile payment and digital financial services,
Alipay’s development history is nearly synchronous with the
evolution of DF in China. Consequently, Hangzhou has gathered
the nation’s most concentrated elements of DF technology, talent,
data, and capital, forming a powerful industrial cluster with
significant spillover effects. The geographical distance from each
city to Hangzhou intuitively measures the convenience and cost of
accessing technological spillovers and market influences from this
core radiation source. Shorter distances are associated with higher
efficiency, earlier penetration, and deeper adoption of digital
financial technologies, which ensures the relevance of the
instrumental variable to the level of urban digital financial
development. Meanwhile, this instrumental variable satisfies the
exogeneity condition. A city’s geographic location is historically
thus
contemporary economic fluctuations or CEE changes during the

determined and strictly ~ exogenous, unaffected by
sample period. Moreover, geographic distance is unlikely to directly
affect contemporary CEE; its influence should primarily operate
through DF penetration. This satisfies the exclusion restriction for a
valid IV. Considering the cross-sectional nature of distance data, we
constructed an interaction term between this distance variable and
the logarithm of the previous year’s national internet penetration
rate. Secondly, drawing on Liu (2023), we used the one-period lag of
DF as an instrumental variable. Under controlled variables and fixed
effects, the lagged term of DF is uncorrelated with current CEE while
satisfying both the

relevance and exogeneity conditions for instrumental variables.

maintaining time-series autocorrelation,

Table 4 columns (1)-(2) present results using distance to
Hangzhou as the instrumental variable, while columns (3)-(4)
use the one-period lag of DF as the instrumental variable. The
results indicate that after accounting for endogeneity, DF still
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exhibits a significant U-shaped relationship with CEE. The
Kleibergen-Paap rk Wald F-statistics exceed the 10% critical
values of the Stock-Yogo weak identification test, suggesting no
significant weak instrument problem. This collectively demonstrates
the appropriateness of both instrumental variable selections.

5.4 Heterogeneity analysis

Considering the significant disparities in the development levels
of different dimensions of DF across cities, this study focuses on
three key aspects—coverage breadth, usage depth, and digitization
level—to analyze the heterogeneous impact of various dimensions of
DF on CEE (Table 5 Column (1)-(3)). In terms of coverage breadth,
DF exhibits a significant U-shaped relationship with CEE
(coefficients: —0.324 and 0.064). This indicates that in the initial
expansion phase, the digitization of traditional economic activities
may not immediately lead to emission reductions and could even be
accompanied by increased energy consumption. However, once a
certain threshold of coverage is achieved, network effects and
scalable green services come into play, significantly enhancing
CEE. Regarding usage depth, a similarly significant U-shaped
relationship is observed between the application depth of DF and
CEE (coefficients: —0.177 and 0.054). This suggests that early
applications were largely concentrated in non-green areas such as
consumer credit, offering limited emission reduction benefits. As
application scenarios extend into green finance, carbon trading, and
energy management, DF contributes markedly to improving CEE by
optimizing resource allocation and facilitating technological
innovation.

The statistically insignificant yet positive coefficient for
digitization (0.035 and 0.0005) reflects not its ineffectiveness but
the conditional and complex nature of its impact on CEE. This can
be explained systematically. Firstly, measurement limitations.
Common proxies (e.g., internet penetration) capture general
infrastructure but not the targeted application of digital
likely
underestimation of their true effect. For example, Hangzhou’s

technologies for carbon reduction, leading to an
“City Brain” reduces emissions primarily through its precise
“smart transportation” module, not general broadband coverage.
Secondly, policy dependency. Digital technologies are value-neutral;
their green impact depends critically on supportive regulations. In
Zhangjiakou, a renewable energy zone, regulations mandate that
data centers use local wind and solar power, ensuring digital
construction absorbs green electricity. Without such “command-
and-control” policies, digital infrastructure may instead connect
to coal-heavy grids, increasing emissions. Thus, digitization’s
benefits are not automatic but policy-contingent. Thirdly,
developmental heterogeneity. Benefits realization involves
significant time lags and varies by stage. During our sample,
cities ranged from the high-energy phase of data center
construction to reaping rewards from smart energy
management. This heterogeneity in timing and intensity results
in an unstable average effect in pooled regression, explaining the
statistical insignificance.

From the resource endowment perspective, the research sample was
stratified along two dimensions* (a) resource-based cities contrasted

with non-resource-based cities, and (b) key environmental protection
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TABLE 4 1V tests results.

10.3389/fenvs.2026.1739323

TABLE 5 Heterogeneity test results.

First-stage Second-stage First-stage Second-stage
Variable (1)DF (2)CEE (3)DF (4)CEE
v ~0.0004*** ~0.527%* 0.299** ~0.656***
(0.00002) (0.248) (0.050) (0.104)
v? 0.061** 0.113*+
(0.025) (0.010)
c Y Y Y Y
CONS 1.198** 2,164
(0.482) (0.377)
Year fixed Y Y Y Y
City fixed Y Y Y Y
N 3,346 3,346 3,066 3,066
Kleibergen-paap rk LM 19.729%* 168.731%**
[0.000] [0.000]
Kleibergen-paap rk wald F 18.833 68.390
R 0.071 0.110

Variables Coverage Digitization = Resource - Non - Key Non-key
breadth level based city = resource - environmental environmental
based city protection cities protection cities
()] (3) (4) )] (6) (7)
DF ~0.324%+ —0.177%* 0.035 ~0.364** -0.419 ~0.400+* -0.162
(0.062) (0.048) (0.031) (0.113) (0.301) (0.111) (0.107)
DF 0.064*** 0.054%** 0.0005 0.093** 0.087* 0.071%%* 0.045%*
(0.008) (0.011) (0.007) (0.037) (0.045) (0.015) (0.021)
c Y Y Y Y Y Y Y
CONS 1,949+ 2.084%% 1,400+ 2.837%% 1,972 1.867° 2.590%%
(0.399) (0.419) (0.442) (0.569) (0.468) (0.563) (0.571)
Year fixed Y Y Y Y Y Y Y
City fixed Y Y Y Y Y Y Y
N 3,346 3,346 3,346 1,338 2,008 1,328 2,018
R 0.773 0.764 0.755 0.708 0.796 0.850 0.702

cities and non-key environmental protection cities. Columns
(4)-(7) resource-based cities and key
environmental protection cities, the U-shaped relationship
between DF and CEE appears steeper. These cities generally

show that in

suffer from the “resource curse” effect with more rigid
traditional industrial structures, where DF introduction can
more significantly break technological lock-in effects (Xu and
Cai, 2024). After passing the development inflection point, DF
significantly promotes GTI, particularly in key areas such as clean
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energy and pollution control. Moreover, given the more stringent
environmental constraints and transformation pressures faced by
resource-based and key environmental protection cities, local
governments often actively integrate DF into their industrial
green upgrading policy systems. Through targeted subsidies,
guidance for green credit, and collaborative development of
digital infrastructure, they enhance the synergistic effect
between DF and the transformation of traditional industries,
thereby significantly amplifying emission reduction outcomes.
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TABLE 6 Mechanism test.

Variables

DF —5.284*** —-0.932* —25.117*%*%* —2.766***
(1.028) (0.540) (5.694) (0.636)
DF? 1.516%* 0.232* 5.710%** 0.525%**
(0.262) (0.118) (1.098) (0.105)
C Y Y Y Y
CONS —14.046 7.646 —122.789*** —4.450
(10.029) (5.118) (33.240) (4.155)
Year fixed Y Y Y Y
City fixed Y Y Y Y
N 3,346 3,346 3,346 3,346
R? 0.867 0.968 0.947 0.707

5.5 Mechanism analysis

Table 6 reports test results for the mechanisms through which
DF affects CEE. Columns 1-4 show that DF has U-shaped effects on
GTI, HC level, and PEA, indirectly influencing CEE, thus
confirming Hypotheses 2, 3, and 4.

First, in terms of GTI, the U-shaped impact of DF highly aligns
with the evolution of China’s green financial policies and market
maturity. In the early stage of development, although DF platforms
(such as Alipay and WeChat Pay) became widespread rapidly, their
business focus was on payment convenience and consumer credit
expansion. Platform algorithms and risk control models did not
incorporate environmental benefits as core indicators. In addition,
early green projects were characterized by long investment cycles,
difficult risk identification, and low short-term returns, which
naturally mismatched with digital capital pursuing high liquidity.
As a result, it failed to effectively direct resources toward green R&D.
As the DF system gradually improved, it significantly promoted GTI
by optimizing financing channels for green projects and reducing
asymmetry
shortening R&D cycles (Lin and Ma, 2022). Large technology

information in innovation activities, effectively
companies have begun to actively expand their presence: Ping An
Bank has built an “integrated green financial services platform”, using
AT to dynamically rate corporate carbon emission data and linking it
to loan interest rates, accurately reducing financing costs for green
technology companies. This model of “policy guidance + digital risk
control” has effectively solved the financing constraints faced before
green innovation and has become a key driving force pushing GTI
over the inflection point of the U-shaped curve.

Secondly, in terms of HC, the early stage of DF development
exhibited uneven technology penetration (Chen et al, 2023).
Residents in remote areas and elderly groups were excluded from
green skill training systems due to insufficient digital access
capabilities, making it difficult for them to meet the demands of
the new wave of industrial green upgrading, thereby constraining the

overall improvement of HC quality. This phenomenon somewhat

Frontiers in Environmental Science

11

10.3389/fenvs.2026.1739323

contradicts China’s strategic direction of promoting “common
prosperity” However, with the
improvement of digital infrastructure, DF platforms have
demonstrated strong potential for educational empowerment. For
Alibaba’s provides
vocational institutions in small and medium-sized cities with

and “inclusive finance.”

example, “Inclusive Education Initiative”
access to course resources essential for the green economy, such
as artificial intelligence and big data analysis, through its cloud
platform; WeBank, in collaboration with local governments, has
carried out “Green Finance Rural Outreach” activities in Guizhou,
Gansu, and other regions, using mobile apps to provide skill training
and certification for rural laborers in areas such as photovoltaic
operation and maintenance and energy efficiency management.
These initiatives not only enhance the green skill reserves of the
labor force but also, through the positive cycle of “digital
capabilities—green employment—income increase,” provide large-
scale and specialized HC support for the economic green transition.

Finally, in terms of public environmental attention (PEA1 and
PEA2), in the initial stage, platforms primarily promoted
and entertainment content to

promotional pursue

engagement and transaction volume, causing environmental

user

information to be drowned in a flood of commercial traffic. This
made it difficult for the public to form effective low-carbon
awareness. In addition, the low visibility of users’ personal carbon
footprints and the lack of immediate feedback on carbon reduction
actions hindered the activation of green consumption willingness.
With the deep integration of platform strategies and the national
“Green Consumption” initiative, significant changes have taken
place. For example, Alipay’s “Ant Forest” translates users’ low-
carbon behaviors (such as taking public transport and making
online payments) into virtual “green energy” through digital
financial accounts, which is then matched with real tree-planting
ecological projects. This greatly enhances the sense of achievement
and visibility of public participation. The project has attracted
hundreds of millions of users since its launch, successfully
transforming abstract environmental concepts into daily practices.
In addition, UnionPay’s QuickPass has integrated with multiple
municipal carbon-inclusive  platforms, allowing users to
accumulate carbon points through green consumption and
exchange them for benefits. These designs leverage the account
systems and incentive feedback mechanisms of DF to effectively
shape public green preferences (Zhang and Liu, 2022) and drive a

societal wave of low-carbon transformation on the consumption side.

5.6 Further discussion: Policy impacts

Although existing research has extensively discussed that DF may
have a direct impact on CEE by improving capital allocation efficiency
and supporting GTI, it has generally overlooked a critical issue: the
emissions reduction effectiveness of DF is inevitably profoundly
influenced by the external policy environment. At the current
critical period when China is accelerating the coordinated
implementation of the “Digital China” and “Dual Carbon”
strategies, the Chinese government does not rely on a single policy
but has constructed a multi-level, multi-dimensional policy
experimentation system. This system includes policy instruments
such as CETPP (launched successively since 2011), LCCPP
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TABLE 7 Policy adjustment results.

Variables 2) (3) (4)
LCCPP SCPP BCPP
DF —0.348** —0.385*** —0.389** —0.345%**
(0.076) (0.071) (0.073) (0.075)
DF? 0.076*** 0.085*** 0.087*** 0.073***
(0.013) (0.012) (0.012) (0.013)
policy 0.097*** 0.117 0.003 —-0.049
(0.031) (0.072) (0.039) (0.110)
DF*policy —0.109*** —0.157** -0.009 0.013
(0.032) (0.069) (0.042) (0.094)
DF*policy 0.027*** 0.035** —0.0004 0.005
(0.009) (0.015) (0.010) (0.019)
C Y Y Y Y
CONS 2.302** 2.2424*%* 2.324%* 2281
(0.408) (0.407) (0.407) (0.416)
Year fixed Y Y Y Y
City fixed Y Y Y Y
N 3,346 3,346 3,346 3,346
R 0.773 0.774 0.772 0.773

(launched successively since 2010), “Smart City” Pilot Policy (SCPP)
(implemented in multiple batches since 2012), and “Broadband
China” pilot policy (BCPP) (launched successively since 2014).
These policies provide support for the green and low-carbon
transition from different dimensions: SCPP and BCPP focus on
digital infrastructure upgrading and intelligent technology
penetration, providing key technological empowerment for the
emissions reduction process; CETPP and LCCPP emphasize the
use of market-based carbon pricing mechanisms, institutional
innovation, and capacity building. This study selects CETPP,
LCCPP, SCPP, and BCPP as key moderating variables, focusing
on analyzing their moderating roles in the process of DF
affecting CEE.

In Table 7 columns (1)-(2), the interaction terms between pilot
policies and DF* are significantly positive, indicating CETPP and
LCCPP further strengthens the U-shaped relationship between DF
and CEE, making the curve steeper. Specifically, after the inflection
point, DF’s promoting effect on CEE is stronger in policy pilot areas.
This is because in low-carbon policy pilot areas, digital financial
institutions impose stricter credit constraints on high-pollution,
high-energy-consumption enterprises during credit approval
processes, while creating green approval channels and providing
thereby
strengthening DF’s green development attributes (Wang et al,
2023). Column (3) shows SCPP makes the U-shaped relationship
between DF and CEE flatter but insignificant, reflecting that SCPP

indirectly affects DF development by improving overall digital

priority financing support for green enterprises,

governance efficiency but lacks targeted guidance for the financial
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sector’s green transformation. Column (4) indicates BCPP makes the
U-shaped relationship steeper but insignificant, possibly because
digital infrastructure development created favorable conditions for
DF growth but lacked supporting environmental regulation policies to
effectively guide DF’s emission reduction role.

6 Main research findings and
implications

6.1 Conclusions

DF has injected new vitality into China’s financial development and
demonstrated unique advantages in coordinating economic
development with environmental protection. Based on panel data
from 282 Chinese cities (2011-2022) and employing econometric
methods including panel fixed-effects models and instrumental
variable approaches, this study systematically examines the impact of
DF on CEE. The findings reveal: (1) The impact of DF on CEE exhibits a
distinct “inhibit first, promote later” U-shaped characteristic. In the early
stage of development, due to suboptimal resource allocation, immature
technology application, and an incomplete regulatory framework, DF
may somewhat inhibit the improvement of CEE. However, once its
development level crosses the inflection point, DF significantly promotes
the improvement of CEE by enhancing financial service efficiency,
expanding green financing channels, and strengthening environmental
risk management capabilities. This U-shaped relationship remains
robust after addressing endogeneity and undergoing multiple
rigorous  tests, reliability of the
Heterogeneity analysis shows that the U-shaped relationship is more
pronounced in the dimensions of coverage breadth and usage depth, as
well as in resource-based cities and key environmental protection cities.
(2) Mechanism analysis reveals that DF has a U-shaped effect on GTI,
HC, and PEA, thereby indirectly influencing CEE. Initially, DF may fail
to effectively drive the green transition due to insufficient technology

indicating  high conclusion.

spillover and limited public awareness. As it develops more deeply, DF
significantly promotes the research, development, and application of
green technologies, enhances the green skills of the labor force, and
strengthens societal environmental awareness, thus indirectly yet
crucially driving the improvement of CEE. (3) Tests on policy
synergy effects show that the CETPP and LCCPP can effectively
strengthen the U-shaped relationship between DF and CEE,
indicating that combining DF with well-defined environmental
policies can achieve better emission reduction outcomes. In contrast,
digital and infrastructure-oriented policies, represented by SCPP and
BCPP, did not exhibit significant effects, reflecting the differential
impacts of various types of policies in synergistically promoting
green and low-carbon development. This finding offers important
insights for improving the green financial policy system in the future.

6.2 Policy recommendations

To enhance the role of digital finance in promoting carbon
emission efficiency, it is essential to establish a multi-stakeholder,
multi-mechanism collaborative policy framework. This framework
should systematically advance institutional design, market incentives,
and public participation.
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1. Strengthen institutional design to build a “carbon-sensitive”
digital financial infrastructure. A linkage mechanism between
digital finance and carbon accounting should be established.
Under the leadership of financial regulators, a “carbon

label” should be

mainstream digital platforms. This system would assess the

efficiency system integrated into
lifecycle carbon efficiency of financial products, publicly
disclose their “carbon impact values,” and thereby steer
capital toward low-carbon sectors. Moreover, intelligent
coordination between digital finance and environmental
regulations must be enhanced. Specifically, corporate green
performance on digital platforms should be incorporated into
environmental credit evaluation systems. This would enable
preferential green credit channels for high-performing
enterprises while restricting digital financial services for
persistent high emitters without transition plans.

. Incentivize corporate green transformation to amplify digital
finance’s emission reduction impact. Expand digital financial
tools to support green technologies. Blockchain technology can
be leveraged to establish integrated platforms for green
technology financing and intellectual property trading,
streamlining the verification, valuation, and financing of
green patents and other intangible assets to alleviate project
financing constraints. Meanwhile, establish specialized digital
credit mechanisms for low-carbon transitions. Financial
institutions should be encouraged to develop differentiated
credit products based on corporate carbon data, providing
intelligent risk assessment and dynamic credit support for
enterprises undertaking energy-saving upgrades and cleaner
production. This would reduce the financial costs of green
transformation.

. Deepen public participation to extend digital finance to low-
carbon consumption. Create incentive mechanisms linking
personal carbon accounts with digital finance. Leverage the
central bank digital currency pilot programs to establish
personal carbon credit systems. Convert green behaviors
such as low-carbon commuting and consumption into
accumulative and tradable digital carbon credits, which can
be exchanged for digital currency or used to access preferential
financial services. Moreover, promote user-end low-carbon
guidance tools such as “carbon filters”. Develop and
promote “carbon efficiency filtering” features on platforms
like Alipay and WeChat Pay, providing users with
prioritized displays and recommendations for low-carbon
products and services. This will enhance public awareness
and willingness to participate in low-carbon choices.

6.3 Limitations

1. This study primarily focuses on analysis at the city level in China,
and the universality of the revealed U-shaped relationship and its
underlying formation mechanisms faces challenges. The
conclusions drawn are rooted in China’s specific policy
environment, financial structure, and industrialization

process. Further exploration is needed to understand the

relationship between DF and CEE on a global scale. Due to
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systematic differences among countries in financial structures,
regulatory frameworks, green technology foundations, and
energy mixes, whether the U-shaped relationship and its
mechanisms identified in this study apply to other countries
and regions requires further verification.

. This study concentrates on the direct impact of DF on CEE but
does not delve into the potential macroeconomic dynamic
feedback that may arise after efficiency improvements,
particularly the carbon rebound effect. Although improvements
in CEE can help reduce carbon emissions per unit of output, they
may also trigger a rebound effect due to factors such as lower
energy costs and expanded consumer demand, potentially leading
to an increase in total carbon emissions. Future research urgently
needs to introduce a more macro and dynamic analytical
framework that connects micro-level efficiency gains with
macro-level total emissions changes, to assess the net emission
reduction effect of DF—specifically, to examine whether, while
improving efficiency, it may ultimately lead to a rebound in total
carbon emissions due to economic scale expansion.
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