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Abstract

As the key driver of economic development, sci-tech finance presents a new opportunity for
China’s economic green transformation. This paper employs the difference-in-difference
method to examine the influence of sci-tech finance policies on urban carbon emission
efficiency. The results show the following: (1) Generally, the technology finance policy
can notably enhance urban carbon emission efficiency, and this conclusion remains valid
after a series of robustness checks. (2) Mechanism tests indicate that sci-tech finance can
promote low-carbon development via innovation, financing, and energy structure channels.
(3) Heterogeneity tests reveal that sci-tech finance has a more pronounced impact on emis-
sions reduction in the eastern regions, areas with strict environmental regulations, regions
with a higher degree of marketization, and non-resource-based cities. (4) A spatial Durbin
model was employed to analyze the spatial spillover effects of science and technology
finance. (5) The Double Machine Learning (DML)model was used for verification and
inspection, and found that sci-tech is conducive to improving the carbon emission effi-
ciency of cities. Finally, this study offers policy recommendations, including formulating
region-specific implementation guidelines for the growth of sci-tech finance, taking into
account the distinct features of each area.

Keywords: sci-tech finance; carbon emission efficiency; energy structure; Double Machine
Learning; spatial Durbin model

1. Introduction
Driven by the dual impetus of global “dual carbon” goals and the green transformation

of China’s industries, sci-tech finance policies are expected to guide capital flow toward
low-carbon sectors and alleviate the financial constraints on green technological innovation.
However, the tension between theory and reality awaits urgent resolution: under a unified
policy framework, why can sci-tech finance investment significantly improve carbon effi-
ciency in some cities, while others fall into the dilemma of a “disconnection between policy
implementation and carbon emission reduction effects”? Existing studies either focus on
the potential of sci-tech finance to reduce carbon emissions at the national macro-level,
or are confined to micro-enterprises to explore the impact of financing constraints on the
adoption of green technologies. Nevertheless, they lack systematic deconstruction of the
key heterogeneous variables in the “policy–region–carbon efficiency” transmission chain,
leading to ambiguity regarding the policy’s scope of action and applicable scenarios. More
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notably, will the internal mechanisms through which sci-tech finance policies enhance car-
bon efficiency via capital guidance and technological innovation present different pathways
due to differences in regional development stages and industrial structures? This research
gap not only restricts the scientific evaluation of the effectiveness of sci-tech finance policies
to reduce emissions, but also leaves local governments without precise bases when formu-
lating coordinated “sci-tech finance + carbon emission reduction” policies. Consequently,
this study aims to clarify the causal relationship, heterogeneous characteristics, and action
mechanisms through which sci-tech finance policies influence urban carbon efficiency.

With the rapid development of China’s economy and the accelerating pace of urban-
ization, the growing demand for transportation and the continuous increase in vehicle
ownership have resulted in rising carbon emissions. Improvements in living standards
have raised public expectations for more convenient and comfortable mobility, further driv-
ing the increase in private vehicle ownership and intensifying the pressure to decarbonize
the transportation sector. Coal-fired thermal power generation, as the primary mode of
electricity production, continues to contribute to high carbon emissions in the power sector.
Although China has made significant strides in developing renewable energy sources such
as solar, wind, and hydropower in recent years, their intermittent nature, instability, and
the underdeveloped state of energy storage technologies prevent them from fully replacing
traditional thermal power. Additionally, certain regions remain heavily dependent on
coal due to economic and technological constraints, presenting significant challenges for
optimizing energy structures and reducing carbon emissions.

As the world’s largest producer and consumer of renewable energy, China leads in
renewable material manufacturing. However, it simultaneously ranks among the top pol-
luters globally [1]. Internationally, China faces significant pressure regarding its emission
reduction responsibilities, with developed nations urging stronger commitments. As a de-
veloping country that must balance economic growth with environmental protection, China
urgently needs strategic solutions to address its immediate environmental challenges [2,3].
Innovation serves as the ultimate determinant in driving industrial transformation and
achieving green low-carbon objectives [4]. A critical question arises: How can sufficient
funds be quickly mobilized to support industrial upgrading? The implementation of sci-
tech finance integration policies by municipal governments becomes essential in driving
energy conservation trends. Sci-tech finance refers to innovative investment mechanisms
that integrate technology innovation chains with financial capital chains, guiding financial
institutions to develop new products and improve services to foster innovation [5]. For
developing nations like China, this necessitates not only securing adequate low-carbon
financing but also advancing technological innovation.

The existing literature extensively examines factors influencing carbon emission ef-
ficiency, particularly focusing on technological innovation and financial development. It
presents two main perspectives, the first of which is the relationship between technological
innovation and carbon emissions. Feng [6] employed spatial econometric models to demon-
strate green technological innovation’s crucial role in improving emission efficiency among
developed nations. Gu [7] revealed innovation’s dual function in reducing emissions and
decoupling economic growth from carbon output. Compared with conventional models,
green innovation specifically targets low-carbon development and serves as key climate
response mechanism globally. Gao [8] identified green innovation’s significant catalytic
effect on industrial restructuring through a provincial-level analysis, while Zeng [9] high-
lighted how its spatial spillover effects benefit underdeveloped regions, underscoring its
critical role in carbon neutrality. The second perspective concerns the relationship between
financial development and emissions. Liu [10] was the first to apply a spatial Durbin
model after a financial crisis, revealing financial development’s paradoxical effects: re-
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ducing neighboring regions’ emissions while increasing local emissions, yet achieving a
net reduction overall. Tao [11] decomposed financial development into depth, scale, and
efficiency dimensions, all proving conducive to emission efficiency. Empirical analyses
of urban data confirm that, in general, financial development reduces emissions intensity
and promotes green growth [12,13]. Existing studies separately examine technological and
financial impacts but neglect their synergistic effects on urban emissions, thus this research
specifically explores sci-tech finance’s carbon reduction efficiency.

Using China’s Sci-Tech Finance Policy as a quasi-natural experiment, this study ex-
amines the effects of urban low-carbon development by analyzing municipal panel data,
and makes three key contributions. First, an SBM-GML (Slack-Based Measure–Global
Malmquist–Luenberger) model is developed to assess regional carbon emissions efficiency.
Second, this study identifies three operational mechanisms through which sci-tech finance
contributes to green development: enhancing innovation capacity, improving financing
capabilities, and optimizing energy structure. Third, comparative analyses are conducted,
taking into account different geographical areas, varying levels of environmental regula-
tion intensity, marketization degrees, and resource endowment characteristics. Finally, by
applying the DML (Double Machine Learning) framework to control for human-induced
confounding factors, this study finds that sci-tech finance significant promotes urban carbon
emissions. This paper contributes three main innovations. First, it adopts the spatial Durbin
model to distinguish the local positive policy effects from the cross-regional negative factor
siphon spillover effects, thereby enriching the spatial theoretical framework regarding car-
bon emission reduction driven by sci-tech finance. Second, it introduces Double Machine
Learning to capture the nonlinear confounding relationships among variables, addressing
the limitations of conventional DID approaches and improving the accuracy of causal
identification. Third, it constructs an interactive mediating framework encompassing inno-
vation, financing, and energy structure, revealing the transmission channels through which
sci-tech finance affects carbon emission efficiency.

2. Theoretical Analysis and Research Hypotheses
2.1. Sci-Tech Finance and Carbon Emission Efficiency

Under China’s fiscal decentralization system, local governments experience subtle ten-
sions between advancing economic development and enforcing environmental regulations.
On the one hand, trapped in the “economic growth tournament”, local governments tend
to allocate more sci-tech financial resources to industries with higher short-term returns yet
inadequate low-carbon characteristics, which weakens the carbon abatement effectiveness
of relevant policies. On the other hand, local authorities are compelled to prioritize carbon
emission reduction amid environmental performance assessment pressure imposed by the
central government. Accordingly, the actual efficacy of sci-tech finance policies largely
hinges on how local governments strike a balance between the dual objectives of economic
expansion and environmental protection. Their capacity to channel financial resources to-
ward targeted sectors and the intensity of policy implementation differ substantially across
regions. This institutional context constitutes an essential prerequisite for comprehending
the heterogeneous impacts of sci-tech finance policies. Pollution and carbon emissions
fundamentally stem from the overutilization of environmental resources, driven by the
externalities inherent in resource exploitation. Privatesector production activities often
exceed socially optimal pollution levels, indirectly transferring environmental governance
costs to society. Notably, the seamless execution of these undertakings hinges on the
backing provided by the financial infrastructure. In China, sci-tech finance policies are
generally implemented through pilot programs, and the two batches of pilots launched
in 2011 and 2016 differ markedly in their policy priorities. The first batch focused on
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addressing financing difficulties faced by small and medium-sized sci-tech enterprises via
financial instruments such as risk compensation funds and specialized sci-tech credit insti-
tutions, with policy tools centered on incentives for financial institutions. Building upon
previous practices, the second batch of pilots, rolled out in 2016, placed greater emphasis
on the in-depth integration of sci-tech finance and industrial policies, while introducing
innovative financial models including investment–loan linkage and intellectual property
securitization. Moreover, policy support was further tilted toward strategic emerging
industries and low-carbon technologies. Such iteration of policy instruments and shifts
in support priorities form the core institutional backdrop for examining policy effects in
this paper. Sci-tech finance demonstrates significant potential in enhancing urban carbon
emission efficiency by expanding the real economy, increasing technological content, opti-
mizing industrial structures, and improving ecological environments. This policy creates
synergies by integrating technological and financial resources: technological innovation
provides solutions to carbon reduction challenges, while financial mechanisms offer fund-
ing guarantees and risk-sharing frameworks [14]. In practice, sci-tech finance delivers
multifaceted outcomes. First, it directs capital flows to low-carbon industries and high-tech
sectors, promoting industrial upgrading while imposing constraints on energy-intensive
and high-emission industries. Second, it facilitates adjustments in energy consumption
structure through technological advancements, improving energy utilization efficiency and
enabling refined energy management. Zhang [15] described the digital economy as an
innovation-driven factor promoting low-carbon development, whose positive impacts may
be underestimated or ignored. The study examined both the direct and indirect effects of
the digital economy on low-carbon development, as well as its heterogeneity across differ-
ent regions and periods. Wang [16] constructed an evaluation index system covering five
dimensions—economy, society, urban planning, energy utilization, and environment—and
used the TOPSIS method to score and classify the low-carbon development quality of
259 cities. It was found that regional development is unbalanced, with low-carbon econ-
omy, society, and environment being the main obstacles. Ren [17] discussed technological
improvements in the steel industry and R&D achievements in ultra-low-carbon technolo-
gies, focusing on their cost-effectiveness and development prospects. Based on the life cycle
analysis method, a comprehensive analytical framework was built to consider more factors
in designing emission reduction strategies. The comprehensive application of mainstream
technological improvements can reduce carbon dioxide emissions, and the integration with
ultra-low-carbon technologies can achieve an emission reduction of 80% to 95%. Thus, we
propose the following hypothesis:

H1. Sci-tech finance policies can significantly boost urban carbon emission efficiency, thus driving
green and low-carbon development.

2.2. The Innovation Effect of Sci-Tech Finance

Technological innovation serves as the primary driver of environmental quality im-
provement and green development, acting as a key channel through which sci-tech finance
enhances sustainability. Feng [18] argues that sci-tech finance significantly stimulates green
technological innovation, particularly in manufacturing and non-state-owned sectors, with
its effects amplified by environmental decentralization. By reducing reliance on coal and
oil, technological innovation minimizes pollutant emissions during energy production and
consumption, supporting green sustainability. Concurrently, innovations in energy storage
and transmission technologies ensure stable and efficient clean energy utilization. Sci-tech
finance further incentivizes low-carbon innovation through reward funds for breakthrough
achievements, guides financial institutions to invest in R&D enterprises, and enhances
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resource efficiency via agglomeration and spillover effects. Pilot regions integrating tech-
nology and finance exhibit superior performance in green innovation [19]. Enhancing
technological innovation capability is crucial for improving carbon emission efficiency and
promoting urban low-carbon development [20]. As a key area of environmental protection
innovation, green technology plays a core role in advancing circular economy, improving
resource efficiency, and reducing resource consumption. Sci-tech finance can promote
sustainable development both directly through investment and indirectly by supporting
the development of green technologies. Regardless of the approach adopted, the degree
of innovation in green technologies is a key factor determining the impact of sci-tech
finance [21]. Technological innovation capability is the core driving force behind urban
development. In the early stage of green technological innovation, issues such as immature
technology and high costs may hinder industrial upgrading and even increase urban carbon
emissions. However, when green technological innovation reaches a certain threshold, the
cost of clean energy decreases, which promotes more extensive use of clean energy and
reduces fossil fuel consumption. By increasing the intensity of investment in innovation,
cities can utilize resources more efficiently, reduce carbon emissions per unit of output, and
thereby improve overall carbon emission efficiency. Therefore:

H2. Sci-tech finance policies boost innovation investment, positively affecting urban carbon
emission efficiency.

2.3. The Financing Effects of Sci-Tech Finance

Sci-tech finance alleviates financing constraints, elevates environmental investment,
and enhances urban carbon emissions efficiency. By imposing higher interest rates and
financing limits on heavily polluting enterprises, it raises financing thresholds, reduces
excessive investments, and improves capital allocation efficiency, demonstrating distinct
regulatory effects [22]. Specifically, sci-tech finance supports low-carbon technology R&D,
green energy projects, and equipment upgrades by providing tailored financial products. It
also facilitates energy management initiatives through barrier-free financing, optimizing
energy utilization and reducing waste [23]. Furthermore, it strengthens corporate financing
management, encourages financial innovation, and accelerates industrial restructuring via
digital transformation and high-tech industry development [24,25]. Science and technology
finance enables the financial sector to allocate resources efficiently, amplify the financing
effect, and allow green enterprises to obtain funds quickly. It also helps guide more
social investments into low-carbon fields, supplementing market-driven environmental
policies [26]. At the same time, science and technology finance policies make it easier
for green technology production sectors to access financial resources, thereby supporting
research and development as well as application of green technologies aimed at reducing
carbon emissions. It also exerts a “crowding-out effect” on heavily polluting industries
by tightening financing constraints and increasing production costs [27]. We propose the
following hypothesis:

H3. Sci-tech finance policies boost urban carbon emission efficiency by strengthening
financing capabilities.

2.4. Sci-Tech Finance and Energy Structure

Energy structure optimization is pivotal for achieving carbon peak and neutrality. Ris-
ing marginal costs of coal consumption drive enterprises to reduce traditional energy use.
While financial development historically amplified fossil energy consumption and environ-
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mental pressures [28], sci-tech finance leverages digital tools to enhance green enterprise
identification, alleviate resource dependency, and promote sustainable transitions. By tight-
ening emissions oversight, it compels enterprises to improve energy efficiency and adopt
cleaner alternatives, curbing carbon emissions at the source [29]. He et al. [30] pointed out
that technological innovation has effectively curbed environmental pollution by guiding
industrial spatial agglomeration and reducing energy consumption. Energy consumption
structure is a restrictive factor for improving carbon emission efficiency. Liu [31] conducted
a quantitative study on China’s carbon dioxide emission efficiency, energy consumption
structure, and regional differences; they concluded that optimizing the energy consumption
structure can significantly reduce carbon dioxide emissions. The development of science
and technology finance has significantly reduced the reliance on traditional fossil fuels,
thereby greatly reducing carbon emissions from fossil fuel use. In addition, energy effi-
ciency has been substantially improved through technological progress and better energy
management, enabling more effective and rational use of energy. This transformation exerts
a positive impact on regional carbon emission efficiency, prompting greater attention to
environmental protection and sustainable development while supporting economic growth,
thus laying a solid foundation for the low-carbon economy [32]. Lin [33] used fixed-effect
stochastic frontier analysis to calculate total factor carbon performance for measuring the
level of low-carbon development. They also explored the mediating role of clean energy
between national income level, R&D investment, and low-carbon development, as well as
its moderating role in the negative impact of industrialization on low-carbon development.
We propose the following hypothesis:

H4. Sci-tech finance policies help refine China’s energy consumption structure, leading to improve-
ments in urban carbon emission efficiency.

2.5. Interactive Mechanisms Among Innovation, Financing, and Energy Structure

The three aforementioned transmission mechanisms do not function in isolation; they
are intertwined and mutually reinforcing. First, the innovation effect amplifies the fi-
nancing effect. Green technological innovation can markedly reduce the costs of clean
energy as well as energy-saving and emission-reduction technologies. Projects adopting
such technologies accordingly carry lower risks and come with more stable expected re-
turns. The enhanced technical feasibility boosts financial institutions’ willingness to grant
loans, which strengthens the capacity of sci-tech finance to advance the green transition
through financing channels. Second, the optimization of energy structure creates reverse
incentives for innovation. When the optimization of energy consumption structure im-
poses stricter constraints on the consumption of traditional fossil fuels, enterprises are
forced to increase research and development investment to develop state-of-the-art en-
ergy efficiency improvement technologies or alternative energy solutions to sustain their
competitiveness, which further stimulates technological innovation in return. These in-
teractive linkages indicate that the overall effect of sci-tech finance policies is far greater
than the sum of their individual separate effects, forming a virtuous cycle: cost reduc-
tion through innovation–scale expansion via financing–industrial and energy structural
upgrading–further innovation driven by structural transformation.
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3. Variable Selection and Model Setting
3.1. Variable Selection
3.1.1. Dependent Variable

The methodology used in this paper was designed with reference to Meng [34]. The
dependent variable, CE, represents urban carbon emission efficiency. In the overall pro-
duction process, the input factors consist of fixed capital stock, total energy consumption,
and the labor force, while the output includes the city’s annual real GDP as the desirable
output and carbon dioxide emissions as the undesirable output. The detailed method for
selecting variables is presented in Table 1 below:

Table 1. Measuring index of carbon emission efficiency in prefecture-level cities.

Index Definition

Input Capital input Stock of fixed assets in prefecture-level cities
Energy input Total energy consumption of prefecture-level city
Labor input Total number of employees in prefecture-level cities

Output Expected output Actual GDP of prefecture-level city in that year
Undesirable output CO2 emissions of prefecture-level cities

The model assumes that the production activities of a city are achieved through the
input of various production factors to obtain multiple desired and undesirable outputs. A
production possibility set that includes undesirable outputs is constructed, and the optimal
production technology frontier is established by considering each city over the years as a
decision-making unit. Let city k be the decision-making unit, t be the year, x ∈ R+

N represent
the inputs, y ∈ R+

M represent the desired outputs, and b ∈ R+
I represent the undesirable

outputs. The global SBM directional distance function is defined as

→
SG

V

(
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)
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The GML index is constructed based on the above global SBM directional distance
function, and the formula is as follows:

GMLt,t+1 =
1 +

→
SG

V

(
xt, yt, bt; gx, gy, gb

)
1 +

→
SG

V
(
xt+1, yt+1, bt+1; gx, gy, gb

) (2)

(xt,k′ , yt,k′ , bt,k′) represents the input, desired output, and undesirable output vectors
of a specific decision-making unit kt in year t.

(
gx, gy, gb

)
represents the directional

vectors for input reduction, desired output increase, and undesirable output reduction.
(sx

n, sy
m, sb

i ) represents the slack vectors for input, desired output, and undesirable output.
GMLt,t+1 indicates the change in carbon emission efficiency. For a longitudinal comparison
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of carbon emission efficiency in different cities across years, the GML index is used in
cumulative multiplication.

3.1.2. Core Explanatory Variable

The core explanatory variable TFIN represents China’s sci-tech finance policies, im-
plemented in two stages in 2011 and 2016, with 9 cities being added in the latter stage.
A quasi-natural experiment was designed using the “Science–Finance Integration Pilot”
policy, assigning 50 pilot cities as the treatment group and non-pilot cities as the con-
trol group. Cities adopting the policy in or after the implementation year were coded 1;
others 0.

3.1.3. Control Variables

The method used in this paper is based on that of Zeng [35]. We selected the following
control variables. (1) Industrial Structure (Ind): Calculated as the ratio of the secondary
industry’s added value to that of the tertiary industry in the region. (2) Urbanization
Rate (Ur): Defined as the urban population proportion of total (urban + rural) population.
(3) Employee Compensation (Ew): Calculated as the ratio of urban residents to total
population (urban + rural). (4) Foreign Direct Investment Ratio (Fdi): Measured as the
urban resident share in total (urban + rural) population. (5) Degree of Industrialization
(Doi): Assessed using the natural log of regional above-scale industrial enterprise counts.
(6) Loan-to-Deposit Ratio (Ldr): Calculated as the proportion between the end-of-year loan
balance of financial institutions and their deposit balance.

3.1.4. Mediating Variables

In light of the outcomes of the benchmark regression, the influence exerted by sci-
tech finance on the carbon emission efficiency of urban areas can be categorized into four
distinct channels. (1) Innovation Input Intensity (Ini): Evaluated based on the proportion
of scientific spending in the fiscal expenditure of local governments [20]. (2) Innovation
Efficiency (Ine): Evaluated via the natural log of the total number of green patent applica-
tions [20]. Granted green patents (Grants): The natural logarithm of the total number of
granted green patents. (3) Financial Institution Efficiency (Fe): To more accurately represent
the development of urban financial industries, this is evaluated by the proportion of the
loan balance held by financial institutions to the savings balance of residents. (4) Energy
Structure (Es): A proxy indicator based on the ratio of coal consumption to total energy
consumption. A lower ratio indicates a more balanced energy structure [32].

3.2. Model Setting

To quantify the impact of the science–technology–finance integration pilot policy on
urban carbon emission efficiency, we used a double fixed-effects model and the difference-
in-differences (DID) method. The sample was of prefecture-level cities in China. The
cities that take part in the sci-tech finance pilot project were classified as the experimental
group, and those that did not were the control group. The final model for the benchmark
regression is

CEit = β0 + β1TFINit + γXit + µi + δi + εit (3)

where the subscript i represents the city, and t represents the year. CEit represents the
carbon emission efficiency of city i in year t. TFINit is the interaction of the dummy
variable Treat (indicating the experimental group of the sci-tech finance policy) and the
time dummy variable Post. If the coefficient β1 of the core explanatory variable TFINit is
significantly positive, it indicates that the pilot policy promoting the integration of science
and technology with finance can improve carbon emission efficiency. Xit represents the
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control variables, β0 is the constant term, µi represents city-fixed effects, δi represents
time-fixed effects, and εit is the random disturbance term.

Based on theoretical analysis, the sci-tech finance policy may lower urban carbon
emission efficiency by enhancing innovation input intensity, improving innovation and
financial institution efficiency, and shifting the energy structure. Traditional stepwise
regression methods may cause estimation bias when testing economic issues. Therefore,
we adopted the two-step approach proposed by Jiang Ting [36] to investigate the mediating
role of sci-tech finance. We developed the following model.

Mit = φ0 + φ1TFINit + γXit + µi + δi + εit (4)

In this model, Mit represents the mediator variable for city i in year t, and the meanings
of the other variables are consistent with those in model (3). In this model, the coefficient φ1

of the core explanatory variable TFINit represents the effect of the sci-tech finance policy on
the mediator variables, such as innovation input intensity, innovation efficiency, financial
institution efficiency, and energy structure. If the coefficient φ1 is significant, it indicates
that the sci-tech finance policy has an effect on these mediator variables. Equation (4)
represents the second step of the Jiang Ting two-step method, and since the first step of
this method is the same as in Equation (3), it will not be repeated here. Jiang Ting argues
that most existing empirical studies using stepwise regression methods are prone to large
estimation errors, especially in identifying “clean” exogenous random mediator variables.
Therefore, when testing mediation effects, it is sufficient to verify the impact of the explana-
tory variable on both the outcome variable and the mediator variable, while the effect of the
mediator variable on the outcome variable can be directly derived from theoretical analysis.
Nevertheless, Jiang Ting’s two-step approach still has inherent limitations. This method
can only identify the average mediating effect for the full sample, failing to distinguish
heterogeneous transmission channels between resource-based and non-resource-based
cities. Accordingly, it cannot decompose the reverse suppression pathway through which
policies exert inhibitory effects in resource-dependent regions. Furthermore, the model
cannot standardize the decomposition of total, direct, and mediating effects, making it
impossible to quantify the contribution of each transmission channel and the magnitude of
their offsetting interactions. It also fails to address the bidirectional endogeneity between
the mediating variable and the explained variable. In addition, this approach merely im-
plements reduced-form tests rather than a formal causal mediation analytical framework,
which renders it incapable of isolating disturbances from various confounding variables.
To accurately disentangle the complete causal transmission chain underlying the nega-
tive policy impacts, supplementary tests using a standard causal mediation model are
therefore required.

The entropy weight method was used to assign objective weights for measuring
the intensity of environmental regulation. To eliminate dimensional impacts, the range
normalization method was applied to forwardize the original indicators x1, x2, and x3. The
corresponding formula is

Sxi =
(xi − minxi)

(maxxi − minxi)

The proportion of the j-th observation under the i-th indicator is calculated by

Pij =
Sxi

sum(sxi )
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Entropy values and difference coefficients are calculated by

ei =
−sum

(
pij ∗ ln pij

)
lnn

where n represents the total number of observations, equal to 4794. Next, the difference
coefficient is defined as di = 1 − ei. A larger difference coefficient implies that the indicator
contains more informative content. The weight of each indicator is derived via wi =

di
sum(di)

.
Finally, the composite score reflecting environmental regulation intensity of each city is
obtained through weighted summation: Score = sum(wi ∗ sxi ).

3.3. Data Sources and Descriptive Statistics

This study uses China’s “Sci-Tech Finance Pilot Policy” as a quasi-natural experiment
to measure its impact on urban carbon emission efficiency (CE). It analyzes panel data
from 282 prefecture-level cities from 2006 to 2022. CE data were taken from the China
Urban Construction Statistical Yearbook, China Urban Statistical Yearbook, and Global
Environmental Research Center. Mediating and control variables are taken from official
sources including the China Energy Statistical Yearbook, China Science and Technology
Statistical Yearbook, and local statistical bureaus. Missing data are interpolated, and cities
with large data gaps are excluded.

Descriptive statistics are given in Table 2. The total sample included 4512 observations
(800 treatment group, 3712 control group). The average CE value is 1.1109, with a standard
deviation of 0.508 and a range of 13.35, suggesting considerable regional variation in emission
efficiency and highlighting the uneven progress of green development across cities.

Table 2. Descriptive statistical analysis.

Variable Symbol Variable Name Sample Size Mean SD Min Max

CE Carbon emission efficiency 4512 1.110 0.508 0.21 13.56
TFIN Sci-tech 4512 0.123 0.328 0.00 1.00
Ind Industrial structure 4512 1.264 0.695 0.18 10.60
Ur Urbanization rate 4512 0.542 0.164 0.12 1.18
Ew Employee compensation 4512 10.784 0.546 4.53 14.08
Fdi Foreign investment ratio 4512 2.647 5.690 0.00 217.90
Doi Degree of industrialization 4512 6.599 1.114 3.00 9.84
Ldr Loan-to-deposit ratio 4512 0.685 0.241 0.06 7.08

4. Empirical Result Analysis
4.1. Baseline Regression

Table 3 presents the estimation outcomes for Model (3). In column (1), the coefficient
was 0.3668. This coefficient is statistically significant at the 1% level and is derived without
the inclusion of control variables or fixed effects. Column (2) introduces individual and time
fixed effects, yielding a coefficient of 0.3562. Column (3) incorporates both fixed effects and
control variables, producing a coefficient of 0.3322 (significant at 1%). The implementation
of sci-tech finance policies has significantly improved urban carbon emission efficiency.
On average, the sci-tech finance pilot policy raises urban carbon emission efficiency by
0.3322 units. Hypothesis H1 is validated.
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Table 3. The impact of TFIN on CE.

(1) (2) (3)
CE CE CE

TFIN 0.3668 *** 0.3562 *** 0.3322 ***
(16.3913) (14.9546) (13.9946)

Ind 0.0649 ***
(5.4941)

Ur −0.3015 ***
(−3.4172)

Ew 0.0029
(0.1437)

Fdi 0.0010
(1.1389)

Doi −0.1425 ***
(−8.1815)

Ldr 0.0300
(1.1933)

_cons 1.0658 *** 1.0655 *** 1.9485 ***
(135.7827) (64.6850) (8.5074)

City No Yes Yes
Year No Yes Yes
N 4512 4512 4512
adj. R2 0.056 0.039 0.060

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.

4.2. Robustness Tests
4.2.1. Parallel Test

The parallel trend assumption is essential for assessing policy impacts through the
difference-in-differences approach. While the baseline regression results show that the
sci-tech finance policy notably improves carbon emission efficiency (CE) and fosters urban
green development, these findings may not be fully reliable due to potential pre-existing
differences between treatment and control groups. For the conclusions of the difference-
in-difference method to be valid, systematic differences between groups must be absent
before policy implementation. Following Beck [37], we specify the following model:

CEit = α0 +
4

∑
j=−4

ajTFIN j
it + γXit + µi + δi + εit (5)

where TFIN j
it represents dummy variables for j years before/after the policy. Given that

the policy was first proposed in December 2010 and implemented in 2011, we set the
year preceding policy adoption as the baseline. Figure 1 shows insignificant coefficients
for all pre-policy periods (post_3), satisfying the parallel trend assumption. Post-policy
coefficients are significantly positive and exhibit an upward trend, confirming the policy’s
effectiveness in improving CE.

https://doi.org/10.3390/su18147079

https://doi.org/10.3390/su18147079


Sustainability 2026, 18, 7079 12 of 31

 

Figure 1. Parallel test.

4.2.2. Placebo Test

To exclude random interference, we conducted a placebo test by randomly assign-
ing treatment status while retaining the actual policy timeline. The procedure involves
(1) randomly selecting pilot cities from the full sample; (2) re-estimating Model (3) for
pseudo treatment and control groups; (3) repeating this process 500 times to generate
500 pseudo-policy coefficients. As shown in Figure 2, most p-values exceed the 10% signifi-
cance threshold, indicating that the true policy coefficient significantly differs from placebo
estimates. This supports the idea that the observed improvements in CE are due to the
sci-tech finance policy, rather than random influences, thus confirming the robustness of
the baseline results.

 

Figure 2. Probability distribution of TFIN coefficients after randomization.

4.2.3. PSM—DID

To address self-selection bias in pilot city designation, we applied propensity score
matching (PSM) combined with the difference-in-difference method. The sample was Win-
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sorized at 1%, and a bootstrapped 1:3 nearest neighbor matching method was employed to
estimate propensity scores via Logit regression. Post-matching standardized bias (Figure 3)
reveals substantial reductions in covariate imbalances, with deviations converging near
zero, demonstrating effective bias mitigation.

Figure 3. Standardized deviation scatter plot.

PSM-DID results (Table 4, Column 1) yield a TFIN coefficient of 0.1943 (significant at
1%), consistent with baseline estimates. This confirms the reliability of conclusions after
controlling for selection bias.

Table 4. PSM-DID to replace the regression results of the explained variables.

(1) (2) (3)
CE PCO2 GTFP

TFIN 0.1943 *** −1.3497 *** 0.2659 ***
(3.3189) (−6.3087) (11.7767)

Ind 0.0502 −0.4124 *** 0.0206
(0.6696) (−3.8614) (1.4742)

Ur 0.3248 * −0.5881 0.0066
(1.8299) (−0.7484) (0.0784)

Ew 0.1911 0.2599 −0.0210
(1.5061) (1.3642) (−1.0838)

Fdi −0.0263 *** 0.0211 *** 0.0003
(−3.7290) (2.9780) (0.2741)

Doi −0.2081 *** −1.0681 *** −0.0663 ***
(−3.6846) (−6.7167) (−3.9427)

Ldr −0.3172 −0.8476 *** −0.0608 **
(−1.5915) (−3.5620) (−2.5348)

_cons 0.0129 14.6847 *** 1.7019 ***
(0.0091) (7.0388) (7.7740)

City Yes Yes Yes
Year Yes Yes Yes
N 1184 4794 4432
adj. R2 0.850 0.273 0.231

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.
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4.2.4. Alternative Dependent Variable

To address measurement bias in CE, we substituted it with per capita carbon emissions
(PCO2), calculated as total emissions divided by resident population. The regression results
(Table 4, Column 2) show a TFIN coefficient of −1.3497 (significant at 1%), aligning with
CE-based findings and further confirming robustness. In this paper, capital stock, number
of employees at the end of the year, and urban electricity consumption were used as input
variables, while real GDP, industrial soot, wastewater, and sulfur dioxide were used as
output variables to calculate urban green total factor productivity (GTFP) for robustness
tests. Column (3) in Table 4 presents the regression results where the explained variable is
replaced with GTFP. It is found that the coefficient of TFIN is 0.2659 at the 1% significance
level, which further indicates that science and technology finance is conducive to promoting
urban green and high-quality development.

4.2.5. Competing Policy Exclusion

To isolate the sci-tech finance policy’s impact, we exclude cities participating in low-
carbon or smart city pilots. Post-exclusion regressions (Table 5) yield TFIN coefficients of
0.1150 and 0.3472 (both significant at 1%), underscoring the policy’s independent effect
on CE. To clearly define the conceptual boundary of the core policy investigated in this
paper, a concise comparative table is constructed from four dimensions including core
objectives, supporting financial instruments, low-carbon emission reduction orientation
and fundamental differences, so as to visually distinguish the three types of pilot policies,
as shown in the Table 6.

Table 5. Regression results excluding interference from other environmental policies.

(1) (2) (3)
CE CE CE

TFIN 0.1150 *** 0.3472 *** 0.2566 ***
(3.8710) (13.2017) (12.9302)

Ind 0.0363 *** 0.0597 *** 0.0657 ***
(3.3588) (4.1072) (6.4333)

Ur −0.1462 −0.2490 *** −0.2011 ***
(−1.5608) (−2.7506) (−2.7527)

Ew 0.0154 0.0112 0.0158
(0.8953) (0.5981) (0.9129)

Fdi −0.0004 −0.0084 *** 0.0021 ***
(−0.1855) (−2.9402) (2.6078)

Doi −0.0899 *** −0.1202 *** −0.1068 ***
(−4.7935) (−6.6287) (−7.0296)

Ldr 0.0502 ** 0.0009 0.0233
(2.0560) (0.0431) (1.1616)

_cons 1.4087 *** 1.7395 *** 1.6182 ***
(6.6863) (8.0227) (7.5221)

City Yes Yes No
Year Yes Yes No
City × Year No No Yes
N 2544 2880 4512
adj. R2 0.126 0.106

Note: (1) *, **, *** denote significance at the1%, 5%, 10%statistical levels, respectively; (2) Values in parentheses are
test p-values.
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Table 6. Comparison of pilot policy differences.

Policy Type Core Objectives Supporting Financial
Instruments

Low-Carbon Emission
Reduction Orientation Core Differences

Sci-tech Finance Pilot

Connect the industrial chain of
scientific and technological

innovation with the financial
capital chain, cover the entire

industrialization cycle of
enterprises, and foster science

and innovation entities.

Special loans for science and
technology, intellectual

property pledge financing,
investment-loan linkage, risk

compensation funds for
scientific and technological

innovation, science and
technology insurance, and

special bonds for
technological innovation

Medium and long-term
systematic emission reduction:

continuously cut carbon
emissions through three
channels, namely green

technological innovation,
energy structure optimization

and industrial upgrading.

The core policy lever lies in
full-chain financing support

for scientific and technological
innovation. The financial
instruments are specially

tailored to fit the asset-light
and high-risk characteristics of

tech-innovative enterprises.
Emission reduction is

inherently embedded in the
innovation process and covers

all industrial sectors.

Low-carbon City Pilot

Coordinate regional carbon
emission control, fulfill targets

including carbon intensity
reduction, dual control of
energy consumption and

phased carbon peaking tasks,
and improve the carbon

governance system.

Green credit, carbon pledge
financing, interest subsidies
for low-carbon technological
transformation, carbon funds,
and carbon emission reduction

support instruments

Short-term direct carbon
control: focus on

energy-saving renovation of
existing industries, terminal

pollution treatment and
deployment of renewable

energy, with stock emission
reduction as the priority.

Carbon emission control is set
as the primary goal. Financial
instruments are only directed

toward mature low-carbon
transformation projects, with a
lack of supporting financing

mechanisms for start-up
tech-innovative enterprises

and weak incentives
for innovation.

Smart City Pilot

Carry out the construction of
urban digital infrastructure,

digital governance and digital
industry cultivation, so as to
elevate the intelligent level of

urban operation
and management.

Special loans for digital
industries, special financing
for computing infrastructure,

and interest subsidies for
digital transformation

Emission reduction is merely
an incidental benefit of
digitalization without

mandatory carbon emission
reduction assessment

indicators; energy
conservation is achieved

indirectly through intelligent
energy consumption

monitoring and
digital dispatching.

The core policy focus lies on
digital infrastructure and

digitalized urban governance.
Financial instruments target
computing power, platforms
and smart city infrastructure,

rather than technological
research and development in

real industries.

4.2.6. Changing the Model Specification

The results of adding city × year interactive fixed effects to the benchmark regression
model are shown in Column (3) of Table 5. The regression coefficient of science and
technology finance (TFIN) is 0.2566, which is significant at the 1% level. It can be seen that
the benchmark regression results remain robust after changing the fixed effects.

4.3. Mediation Analysis

The previous discussion focused on the effect of the science–technology–finance
integration pilot policy on the carbon emissions efficiency of Chinese cities. Based on
the earlier theoretical analysis, this research empirically explores its impact via innovation,
financing, and energy structure channels. In conducting the mediation effect model test,
innovation input intensity and innovation efficiency were treated as mediating variables
for the innovation channel, financial institution efficiency as a mediating variable for the
financing channel, and energy structure as a mediating variable for the energy channel.
The Jiang Ting two-step method is used, following model (4).

This study measures urban innovation ability by using innovation input intensity and
efficiency. The regression results in columns (1), (2), and (3) of Table 7 show TFIN coefficients
of 0.0072, 0.0673, and 0.1152, significantly positive at the 1% and 10% confidence levels.
This suggests that the science–technology–finance policy significantly boosts innovation
input intensity and efficiency, thereby enhancing urban innovation ability. Moreover,
much research has proven that strengthening technological innovation capacity is vital for
improving carbon emission efficiency and promoting urban low-carbon development [6,14].
Green technology, as a key area of innovation in environmental protection, plays a crucial
role in advancing the circular economy, enhancing resource efficiency, and minimizing
resource consumption. Sci-tech finance can contribute to sustainable development both
directly, through investment, and indirectly, by supporting the growth of green technologies.
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Irrespective of the method employed, the degree of innovation in green technology serves
as a crucial factor in determining the influence of sci-tech finance [21]. Technological
innovation capacity serves as the central force driving urban development. In the initial
phases of green technology innovation, challenges such as underdeveloped technologies
and high costs may impede industrial upgrades, potentially increasing urban carbon
emissions. However, when green technology innovation hits a certain threshold, clean
energy costs drop, prompting more use of clean energy and less fossil fuel consumption.
By raising innovation input intensity and efficiency, cities can use resources better and
cut per-unit-output carbon emissions, thus improving overall carbon emission efficiency.
In summary, the sci-tech finance policy can boost urban carbon emission efficiency by
enhancing innovation input intensity and efficiency, validating hypothesis H2.

Table 7. Mediating effects test the regression results.

(1) (2) (3) (4) (5)
Ini Ine Grants Fe Es

TFIN 0.0072 *** 0.0673 * 0.1152 *** 0.1740 *** −0.0223 **
(9.7771) (1.7749) (3.1785) (11.5900) (−2.5491)

Ind 0.0004 0.0916 *** 0.0136 0.0118 0.0125 ***
(1.1683) (4.8578) (0.7523) (1.5872) (2.8708)

Ur −0.0024 0.8110 *** 0.4417 *** −0.1748 *** −0.1678 ***
(−0.8933) (5.7553) (3.2776) (−3.1327) (−5.1607)

Ew 0.0011 * 0.0755 ** 0.0905 *** 0.0141 −0.0417 ***
(1.7135) (2.3300) (2.9192) (1.0952) (−5.5707)

Fdi 0.0000 −0.0037 ** −0.0029 ** −0.0005 0.0000
(0.5437) (−2.5187) (−2.0525) (−0.9267) (0.0517)

Doi 0.0071 *** 0.2839 *** 0.3196 *** 0.0039 0.0479 ***
(13.1359) (10.2041) (12.0115) (0.3528) (7.4644)

Ldr 0.0013 −0.0297 0.0102 1.7892 *** 0.0060
(1.6225) (−0.7396) (0.2660) (112.6621) (0.6472)

_cons −0.0437 *** −0.2580 −0.7345 ** −0.1004 0.9546 ***
(1.9250) (33.7882) (−2.0993) (−0.6929) (11.3114)

City Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes
N 4512 4512 4512 4512 4512
adj. R2 0.086 0.846 0.872 0.766 0.071

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.

To assess financing ability, the efficiency of financial institutions is used as an indicator
for urban financing capacity. The regression results in column (4) of Table 7 show that the
TFIN coefficient is 0.174, significantly positive at the 1% confidence level. This indicates that
the sci-tech finance policy has a significant positive effect on improving financial institution
efficiency. How does the urban financing capacity influence the carbon emission efficiency?
A review of the relevant literature indicates that enhancing the urban financing capacity is
a vital strategy for improving the carbon emission efficiency and alleviating environmental
pollution. On one hand, sci-tech finance enables the financial sector to allocate resources
effectively, amplifying the financing impact and allowing green businesses to access funds
rapidly. Additionally, it helps direct more social investments into low-carbon sectors,
complementing market-driven environmental policies [26]. Conversely, the sci-tech finance
policy allows the green technology production sector to obtain financial resources more
easily. As a result, it provides support for the research, development, and application
of green technologies designed to reduce carbon emissions. It also exerts an “exclusion
effect” on heavily polluting sectors by tightening their financing constraints and increasing
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production costs [27]. By improving urban financing capabilities, sci-tech finance can
increase investment in clean energy projects, promote green transportation upgrades,
facilitate energy-saving building renovations and green construction, and improve urban
waste management and recycling. As a result, the sci-tech finance policy can boost urban
carbon emission efficiency by increasing the effectiveness of financial institutions, thus
providing support for hypothesis H3.

For the energy aspect, the energy structure is chosen as the mediating variable. The
regression results in column (5) of Table 7 show that the TFIN coefficient is −0.0223, sig-
nificantly negative at the 5% confidence level. This means the sci-tech finance policy can
effectively reduce coal reliance, leading to a gradual drop in coal consumption and promot-
ing a shift towards a more sustainable energy consumption structure. Such a transition is
vital for green and low-carbon economic development. He et al. [30] indicated that techno-
logical innovation effectively curbs environmental pollution by steering industrial spatial
agglomeration and cutting down energy consumption. The energy consumption structure
acts as a constraint on the enhancement of carbon emission efficiency. Liu [31] carried out
a quantitative study on China’s carbon dioxide emission efficiency, energy consumption
structure, and regional differences. They found that optimizing the energy consumption
structure can substantially reduce carbon dioxide emissions. The development of sci-tech
finance has remarkably reduced the dependence on traditional fossil fuels, thus leading to
a substantial drop in carbon emissions from fossil fuel utilization. Additionally, through
technological advancements and improvements in energy management, energy efficiency
has been greatly enhanced, allowing for a more effective and rational use of energy. This
shift positively influences regional carbon emission efficiency, fostering a greater focus
on environmental protection and sustainable development, while supporting economic
growth and creating a strong foundation for a low-carbon economy. This supports the
validation of hypothesis H4.

4.4. Heterogeneity Analysis
4.4.1. Heterogeneity Based on Geographic Location

Considering the differences in economic development, industrial set-ups, financial
market development, and the availability of technological and human resources between
eastern and western China, the effects of the sci-tech finance policy are expected to be
distinct. Therefore, we split the total sample into two subgroups—eastern cities and
central–western cities—based on the National Bureau of Statistics’ geographical classifi-
cation. The eastern cities subgroup has 1888 observations, and the central-western cities
subgroup has 2624 observations. To examine how the sci-tech finance policy influences
carbon emission efficiency in these areas, separate regression analyses were performed
for each subgroup, as shown in columns (1) and (2) of Table 8. The results show that the
coefficients of the science and technology finance policy dummy variable are significantly
positive at the 1% level in both regions. However, the coefficient is larger in eastern cities,
indicating that the policy has a stronger impact on improving carbon emission efficiency
in eastern regions. This means that after the implementation of the policy, the carbon
emission efficiency in both regions has been significantly improved, generally promot-
ing green and high-quality development, but the effect is more pronounced in eastern
regions. This reflects the deep connection between policy effects and regional development
foundations. There are several reasons for this discrepancy. The eastern region has a
high level of economic development, with a large proportion of high-tech industries in
its industrial structure. Its industrialization and urbanization processes are more mature,
with abundant technological and human resources, and a well-developed financial market.
These conditions enable science and technology finance policies to more efficiently meet the
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needs of green and low-carbon technology research and development as well as industrial
upgrading, promoting the concentration of policy resources in areas with great potential
for emissions reduction. In contrast, the industrial structure in central and western regions
is still dominated by traditional high-carbon energy industries, with insufficient coverage
of financial services, limited public financial support and capital market financing capacity,
and relatively weak technological and talent reserves. These factors cause science and
technology finance policies to face more constraints when guiding resources towards low-
carbon transformation areas, restricting the policy effects, and thus leading to differences
in effects between regions, with the policy having a less significant impact in central and
western regions.

Table 8. Heterogeneity analysis results I.

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

Eastern Region Central and
Western Regions

Areas with Strict
Environmental Regulations

Areas with Loose
Environmental Regulations

CE CE CE CE

TFIN 0.3853 *** 0.2410 *** 0.3635 *** 0.0555 *
(11.6645) (7.0720) (11.0318) (1.8487)

Ind 0.0404 * 0.0542 *** 0.0811 *** 0.0444 ***
(1.6935) (3.9016) (3.6208) (4.6714)

Ur −0.3020 *** −0.1244 −0.1985 −0.3386 ***
(−2.6229) (−0.9097) (−1.4784) (−3.8312)

Ew 0.0456 −0.0092 0.0173 0.0045
(1.0760) (−0.3981) (0.4362) (0.2781)

Fdi −0.0032 0.0017 * −0.0145 *** 0.0020 ***
(−0.8700) (1.7413) (−3.4558) (3.2722)

Doi −0.0208 −0.1083 *** −0.1272 *** −0.0694 ***
(−0.7638) (−3.9167) (−4.5126) (−4.0666)

Ldr −0.0264 0.0749 ** 0.0425 −0.0640
(−0.7001) (2.2661) (1.3599) (−1.4302)

_cons 0.8941 ** 1.6884 *** 1.7625 *** 1.4845 ***
(1.9992) (5.9750) (4.1078) (7.9565)

Chow
test 0.4529 *** 0.3673 ***

City Yes Yes Yes Yes
Year Yes Yes Yes Yes
N 1888 2624 2688 1824
adj. R2 0.074 0.095 0.050 0.275

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.

4.4.2. Heterogeneity Based on the Stringency of Environmental Regulations

The Porter hypothesis suggests that environmental regulations increase the extra costs
for heavily polluting enterprises, forcing them to adopt greener production methods to
meet emission standards. This not only encourages enterprises to adopt greener produc-
tion methods but also enhances their overall competitiveness. The government plays a
key role as an information hub, mandating that businesses disclose environmental data
through regulations. This reduces information asymmetry in the financial market, allowing
financial institutions to more effectively assess green investment opportunities. Govern-
ments can channel capital into green low-carbon projects via sci-tech finance policies to
support industrial transformation. To examine how these policies affect carbon emission
efficiency under different environmental regulation levels, this study uses industrial SO2,
smoke/dust, and wastewater emissions as key factors. The entropy method calculates
factor weights to create a composite city-level environmental regulation index. Cities are
divided into strict (high-score) and lenient (low-score) groups based on sample average
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scores (Table 8 columns 3–4). The regression results show that the core variable TFIN has
significant positive effects at 1% (strict group) and 10% (lenient group) confidence levels.
The strict group coefficient (0.3635) is much higher than the lenient group (0.0555), indicat-
ing stronger policy impacts under tighter regulations. Sci-tech finance and environmental
policies reduce per capita emissions synergistically by guiding capital flows, optimizing re-
source allocation, and enhancing environmental information transparency. Regions should
strengthen environmental regulations, enforce stricter pollution penalties, and leverage
market oversight to realize full policy synergies. In regions with strict environmental
regulations, the selection of science and technology finance policy tools is more targeted:
local governments may collaborate with financial institutions to launch “special credit for
environmental protection technology upgrading,” offering interest rate preferences for
enterprises’ end-of-pipe treatment technology transformation and clean energy substitution
projects, and linking emission reduction effects with credit lines; green bond issuances
are more focused on energy efficiency improvement projects in high-energy-consuming
industries, accompanied by strict environmental information disclosure requirements; risk
compensation mechanisms also tilt toward low-carbon technology research and devel-
opment, providing a higher proportion of bad debt risk sharing for technology-based
enterprises in new energy and other fields. In regions with loose environmental regu-
lations, science and technology finance policy tools are relatively crude: they rely more
on general science and technology credit support, with vague definitions of the green
attributes of projects, and some funds may flow into fields that only have technological
innovation but limited emission reduction effects; the coordination mechanism between
environmental protection departments and financial institutions is weak, and the linkage
between enterprises’ environmental records and financing qualifications is low. These
differences in policy implementation details enable science and technology finance to more
accurately stimulate enterprises’ motivation for emission reduction in regions with strict
regulations, while in regions with loose regulations, it is difficult to form a synergy for
emission reduction due to insufficient policy focus. This further explains why the policy
effect coefficient in the strict regulation group is significantly higher.

4.4.3. Heterogeneity Based on the Process of Marketization

This paper uses the marketization index developed by Fan Gang [38] as the standard
for measuring the process of marketization. Using the average annual marketization index
for each city from 2006 to 2022, cities are categorized into two groups: those with higher
marketization and those with lower marketization. The results of this classification are
presented in columns (1) and (2) of Table 9. The analysis reveals that, in terms of the
carbon emission efficiency index, the estimated coefficient of sci-tech finance is significantly
greater in cities with higher marketization compared to those with lower marketization.
This suggests that the policy is more effective in enhancing carbon emission efficiency in
regions with more market-oriented economies. In highly marketized regions, the market
mechanism plays a key role in resource allocation, enabling a more efficient distribution of
resources based on market signals. Financial institutions are better equipped to allocate
funds to enterprises or low-carbon projects that have a higher potential for energy savings
and emission reductions. Moreover, sci-tech finance supports the free flow and optimal
combination of production factors such as capital, technology, and skilled labor. Conversely,
in regions where the degree of marketization is lower, administrative interferences might
result in the misallocation of sci-tech finance resources. It is possible that funds could be
channeled towards high-carbon industries that enjoy administrative protection. This, in
turn, weakens the policy’s effectiveness in enhancing carbon emission efficiency. Moreover,
the flow of production factors may be more restricted. As a result, it becomes arduous
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for enterprises to obtain the ideal combination of resources required for reducing carbon
emissions. This situation curtails the influence of sci-tech finance, even when such resources
are accessible.

Table 9. Heterogeneity analysis results II.

(1) (2) (3) (4)
Areas with Lower Degree

of Marketization
Areas with Higher Degree

of Marketization Non-Resource City Resource City

CE CE CE CE

TFIN 0.2284 *** 0.3770 *** 0.4248 *** −0.1127 ***
(9.5189) (9.2781) (13.4240) (−3.4854)

Ind 0.0456 *** 0.0911 *** 0.1307 *** 0.0290 ***
(4.3555) (3.9255) (4.9562) (3.2392)

Ur −0.4214 *** −0.2662 * −0.1698 −0.2861 ***
(−4.7435) (−1.7798) (−1.2183) (−3.4716)

Ew 0.0825 *** −0.0258 −0.0026 0.0048
(2.9295) (−0.8939) (−0.0777) (0.2631)

Fdi 0.0020 *** −0.0182 *** 0.0020 * −0.0123 ***
(3.0187) (−3.6592) (1.7997) (−3.7310)

Doi −0.0903 *** −0.1845 *** −0.2006 *** −0.0635 ***
(−5.4360) (−5.5677) (−7.1555) (−3.8589)

Ldr 0.0823 * 0.0173 0.0091 0.0368 *
(1.6904) (0.5252) (0.2129) (1.6951)

_cons 0.8356 *** 2.5708 *** 2.3196 *** 1.4393 ***
(2.8313) (7.2223) (6.2705) (6.9477)

Chow
test 0.2171 * −0.5688 ***

City Yes Yes Yes Yes
Year Yes Yes Yes Yes
N 2304 2208 2736 1776
adj. R2 0.186 0.043 0.061 0.220

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.

4.4.4. Heterogeneity Based on Resource Endowment

Using the State Council’s resource-based city development plan, cities are categorized
as resource-based or non-resource-based. The regression results in Table 9 (cols. 3–4) show
the divergent effects of sci-tech finance policies on carbon efficiency: positive impacts in
non-resource cities but negative effects hindering green development in resource-based
ones. In resource-scarce and non-resource cities, these policies drive tech innovation,
promoting low-carbon technologies and sustainable growth by compensating for natural
resource limitations. In contrast, resource-based cities, relying on resource extraction for
growth, have an extensive model and stable industry, which makes the policy less effective.
Although science and technology finance aims to guide capital flow into innovative fields
to promote industrial upgrading, its preference for high-growth low-carbon technologies
conflicts with the characteristics of traditional industries in resource-based cities, such as
heavy assets and slow technological iteration. The long-standing industrial inertia formed
by resource-based cities’ reliance on resource extraction has led to transformation costs for
traditional enterprises in terms of equipment specificity, labor skill structure, and ecological
restoration liabilities. However, the risk pricing logic of science and technology finance
tends to favor emerging industries with short-term results, making it difficult for financial
resources to effectively flow into the green technological transformation of traditional indus-
tries. Meanwhile, local governments’ tax dependence on resource industries and financial
institutions’ path dependence on traditional credit models have further strengthened the im-
balance. Science and technology financial resources are inclined toward non-resource-based
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industries, and the funding gap for traditional industrial transformation has expanded.
Ultimately, in the short term, the policy not only fails to promote the green transformation
of traditional industries but may even exacerbate transformation difficulties due to resource
diversion, creating a phased contradiction between policy intentions and transformation re-
alities. Although science and technology finance aims to promote industrial transformation,
the shift from traditional industries to green industries is a gradual process. Even in the pro-
cess of green transformation, the development of emerging industries requires substantial
financial investment and technological research and development, with a long cycle from
research to commercialization, making it difficult to quickly adapt to new development
requirements and leading to a decline in production efficiency. In non-resource-based cities
with scarce natural resource endowments, the intrinsic logic of sci-tech finance policies
driving technological innovation aligns with the core essence of “factor constraints driving
innovation leaps” emphasized by the structural transformation theory. This logic reme-
dies the shortage of urban natural resource supply through the technological substitution
pathway, thereby providing core support for the in-depth penetration of low-carbon tech-
nologies and regional sustainable growth [39]. In sharp contrast, the differential effects of
sci-tech finance policies in resource-based cities need to be interpreted in detail based on
the “resource curse” theoretical framework. The “Dutch disease” effect formed by such
cities’ long-term dependence on the resource extraction industry has trapped them in a
path-dependence dilemma of “resource dependence–technological lock-in”. Moreover,
the heavy asset nature and rigidity in technological iteration exhibited by traditional re-
source industries under the extensive development model are precisely the typical practical
manifestations of the “technological lock-in” phenomenon. An irreconcilable fundamental
contradiction has emerged between this inherent attribute and the natural preference of
sci-tech finance policies for high-growth low-carbon technology fields. Therefore, after
the implementation of science and technology finance policies, financial resources may
flow more to non-resource-based enterprises, while resource-based enterprises receive
relatively less financial support, making it difficult for them to carry out effective energy
conservation and emission reduction transformations. The implementation of science
and technology finance policies in resource-based cities may be constrained by traditional
economic development models, resulting in negative effects during policy implementation.

Jiang Ting’s two-step mediation method only tests the two-stage regression rela-
tionships between the independent variable and the mediator, as well as between the
independent variable and the explained variable. It fails to strictly distinguish the total
mediation effect, direct effect and suppressing mediation effect, and thus cannot separate
the specific channels through which the policy generates adverse impacts in resource-based
cities. The three transmission paths of innovation input, financial allocation and energy
structure function as positive mediators in ordinary cities, yet produce negative effects
in resource-based cities. Potential reasons are as follows: sci-tech financial resources are
excessively tilted toward emerging industries, squeezing funds available for the green
transformation of traditional high-carbon industries; the channel for energy structure
optimization loses efficacy due to coal resource lock-in; traditional enterprises face long
innovation return cycles and high risks, disabling the emission reduction function of the
innovation channel. Jiang Ting’s two-step approach can only judge whether the mediator
is significant as a whole, but cannot quantify the offsetting magnitude of positive and
negative effects from each of the three channels, making it difficult to clarify the internal
transmission logic of policy adverse effects under resource dependence constraints. To
accurately isolate the reverse mediation mechanism in resource-based cities, a standard
causal mediation analysis model is required, which enables quantitative measurement
of channel heterogeneity via total effect decomposition and identification of suppressing
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mediation effects. Restricted by manuscript length and data conditions, this paper only
conducts a unified mediation test for the full sample.

4.5. Analysis of Spatial Spillover Effects

Through the analysis of the global Moran’s I in Table 10, it is confirmed that there is
spatial autocorrelation among prefecture-level cities. Figure 4 plots the local Moran scatter
plot of carbon emission efficiency in 2007 and 2022, where cities are mainly distributed in
the first and third quadrants. Currently, China’s carbon emission efficiency is dominated
by low-low agglomeration and high-high agglomeration, indicating that China’s carbon
emission efficiency has significant local spatial agglomeration characteristics in terms of
distance space. To ensure the robustness of the results, this paper further tests the spatial
error and spatial lag effects, with specific results shown in Table 11. To verify the selection
of the model and the rationality of fixed effects, this paper employs the Wald test, LR test,
and Hausman test. The Wald test confirms that the spatial Durbin model (SDM) will not
degenerate into a spatial lag model (SLM) or a spatial error model (SEM); the LR test results
indicate that the spatial Durbin model is superior to the spatial lag model and spatial error
model; the Hausman test rejects the null hypothesis, suggesting that fixed effects can be
adopted. Finally, the LR test results confirm that the two-way fixed effects model is more
appropriate. Therefore, this paper selects the spatial Durbin model with two-way fixed
effects for the analysis of spatial correlation.

Table 10. Global Moran’s I of urban carbon emission efficiency from 2007 to 2022.

Year Moran’s I E(I) SD(I) Z p

2007 −0.004 −0.004 0.005 −0.062 0.950
2008 0.014 −0.004 0.005 3.726 0.000
2009 0.014 −0.004 0.005 3.563 0.000
2010 0.029 −0.004 0.005 6.375 0.000
2011 0.032 −0.004 0.005 7.042 0.000
2012 0.033 −0.004 0.005 7.192 0.000
2013 0.024 −0.004 0.005 5.365 0.000
2014 0.023 −0.004 0.005 5.114 0.000
2015 0.022 −0.004 0.005 4.895 0.000
2016 0.020 −0.004 0.005 4.616 0.000
2017 0.029 −0.004 0.005 6.397 0.000
2018 0.033 −0.004 0.005 7.080 0.000
2019 0.041 −0.004 0.005 8.732 0.000
2020 0.050 −0.004 0.005 10.376 0.000
2021 0.053 −0.004 0.005 11.042 0.000
2022 0.026 −0.004 0.005 5.807 0.000

Figure 4. Local Moran’s I scatter plot of China’s carbon emission efficiency in 2007 and 2022.
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Table 11. Re-examination of spatial correlation based on spatial geographical weight matrix.

Test Method Test Index t p Result

Wald Test
SAR 134.73 0.000 It is not suitable to simplify it into spatial lag

model and spatial error model.SEM 116.00 0.000

LR Test
SAR 134.83 0.000 The spatial Dolby model is superior to the

spatial lag model and the spatial error model.SEM 127.55 0.000

Hausman Test 27.06 0.003 Using fixed effects.

LR Test City 37.35 0.000 Spatial Durbin model with two-way
fixed effects.Year 3900.1 0.000

Table 12 (1) reports the estimation results of the spatial spillover effects of science and
technology finance on urban carbon emission efficiency. It can be seen that, based on the
spatial weight matrix of inverse distance to the first power, the coefficient rho of the spatial
lag term of urban carbon emission efficiency is significantly positive, indicating the existence
of spatial dependence; the coefficient of TFIN is also significantly positive, which shows that
science and technology finance policies have a significant positive spatial spillover effect on
urban carbon emission efficiency. Columns (2) and (3) present the direct and indirect effects
of each variable. It can be seen that sci-tech finance exerts a significantly positive direct
effect on CE, while its indirect effect is significantly negative. The plausible explanation
lies in the inherent preference of sci-tech finance for high-growth, low-emission emerging
industries: through capital injection, it accelerates the agglomeration of such industries,
restrains the blind expansion of high-energy-consuming and high-emission industries, and
drives the transition of the local industrial structure from “high-carbon dependence” to
“low-carbon dominance”, thereby improving the overall carbon efficiency. The inhibitory
spatial impact of sci-tech finance policies on the carbon efficiency of geographically adjacent
regions stems from insufficient technological absorption capacity and institutional barriers
in surrounding areas. These factors prevent the effective spillover of local low-carbon
technologies; instead, the technological advantages of the local region exacerbate the
industrial competitive disadvantage of neighboring areas, inhibiting the improvement of
their carbon efficiency.

The following section re-estimates the Spatial Durbin Model based on the economic
distance spatial weight matrix. Column (1) of the Table 13 reports the overall regression
results of sci-tech finance on urban carbon emission efficiency. As can be observed, the
coefficient rho of the spatial lag term for urban carbon emission efficiency is significantly
positive at the 1% significance level, which implies obvious positive spatial dependence
across cities in terms of carbon emission efficiency. The total effect coefficient of the core
policy variable TFIN is 0.4433 and highly statistically significant at the 1% level, which
further verifies that the sci-tech finance policy exerts an overall significant positive spatial
impact on regional carbon emission efficiency, and the benchmark spatial conclusion re-
mains robust to the change in spatial weight matrix. Columns (2) and (3) respectively report
the decomposed direct and indirect effects of the core explanatory variable. The regression
outcomes show that the direct effect coefficient of sci-tech finance on local carbon emission
efficiency is 0.2255 and significantly positive, while its indirect effect coefficient of 0.2178 is
also significantly positive. This differs distinctly from the negative indirect effect identified
under the inverse distance weight matrix in the previous analysis, which can be explained
by economic linkage mechanisms. The economic distance weight matrix emphasizes indus-
trial linkages and capital flows between cities. After the implementation of sci-tech finance
policies, low-carbon tech innovation industries cultivated locally radiate outward through
economic channels including industrial chain division of labor, cross-regional investment
and financing, and technical cooperation. Local green technologies and sci-tech financial
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models can be replicated and promoted among economically connected neighboring cities,
facilitating simultaneous industrial structure upgrading and carbon emission intensity
reduction in adjacent regions, thereby generating positive spatial spillover effects.

Table 12. Spatial spillover effect of sci-tech finance on urban carbon emission efficiency I.

(1) (2) (3)
CE CE_Direct CE_Indirect

TFIN 0.3290 *** 0.3767 *** −0.7657 ***
(18.3490) (15.0815) (−3.2368)

rho 0.5355 ***
(6.1392)

Ind 0.0871 *** 0.0643 *** 0.1585
(7.2227) (5.7456) (1.0615)

Ur −0.4365 *** −0.4661 *** 2.4833 ***
(−6.3288) (−5.3193) (2.6096)

Ew 0.0680 ** 0.0169 0.3586
(2.4357) (0.8942) (1.1423)

Fdi −0.0112 *** 0.0006 0.0803 ***
(−5.0806) (0.6476) (3.8161)

Doi −0.0142 −0.0171 −1.1784 ***
(−0.8887) (−0.8081) (−6.4389)

Ldr 0.0624 0.0589 ** 0.1704
(1.6331) (2.3339) (0.4049)

sigma2_e 0.0357 ***
(47.4275)

City Yes Yes Yes
Year Yes Yes Yes
N 4512 4512 4512

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.

Table 13. Spatial spillover effect of sci-tech finance on urban carbon emission efficiency II.

(1) (2) (3)
CE CE_Direct CE_Indirect

TFIN 0.4433 *** 0.2255 *** 0.2178 ***
(9.9149) (12.9228) (4.9862)

rho 0.2649 ***
(10.3368)

Ind 0.0996 *** 0.0920 *** 0.0076
(2.7173) (8.4443) (0.2180)

Ur −0.2988 −0.2152 *** −0.0836
(−1.3495) (−3.5777) (−0.3853)

Ew −0.2001 * 0.0698 *** −0.2700 ***
(−1.9362) (2.6484) (−2.7494)

Fdi −0.0549 *** −0.0060 *** −0.0489 ***
(−7.2250) (−3.0715) (−6.5876)

Doi −0.2807 *** −0.0715 *** −0.2092 ***
(−7.3108) (−5.3876) (−5.7527)

Ldr −0.2198 * −0.0318 −0.1880
(−1.7400) (−0.8735) (−1.5874)

sigma2_e 0.0345 ***
(47.2977)

City Yes Yes Yes
Year Yes Yes Yes
N 4512 4512 4512

Note: (1) *, **, *** denote significance at the1%, 5%, 10%statistical levels, respectively; (2) Values in parentheses are
test p-values.
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Overall, the improvement of local sci-tech finance levels significantly enhances the
overall carbon emission efficiency through geographical and economic linkages. This
finding is highly consistent with the spatial positive correlation characteristic of sci-tech
finance revealed by the previous Moran’s I test, and further verifies the rationality and
necessity of incorporating spatial effects into the econometric model analysis.

5. Further Analysis
In this paper, four mainstream machine learning algorithms are adopted for com-

parative tests in the two-stage prediction equations of double/debiased machine learn-
ing, namely Random Forest, Lasso linear regularized regression, Gradient Boosting Tree,
and Neural Network. All control variables and their quadratic terms are taken as high-
dimensional control variables and incorporated into the machine learning prediction stage
as confounding variables. Drawing on Chen Ming’s DML model [40], this study inves-
tigates the effects of sci-tech finance on CE growth. The regression results are shown
in Table 14. The analysis adopts a 1:5 sample splitting ratio and employs the Random
Forest algorithm in machine learning models for prediction in both the main and auxil-
iary regressions. Column (1) controls only for the linear terms of control variables within
the full sample. Building upon Column (1), city-year fixed effects are further controlled.
Furthermore, considering potential nonlinear effects of control variables on urban CE that
may influence the estimation accuracy of the DML model, quadratic terms of these control
variables are incorporated to enhance model specification precision. Column (4) extends
the baseline regressions by including quadratic terms of control variables. The results
demonstrate that after introducing nonlinear specifications, the coefficients of sci-tech
finance on urban CE remain stable with no substantial fluctuations, while continuing to
significantly promote urban green low-carbon development at the 1% confidence level.

Table 14. Baseline regression based on the DML model.

(1) (2) (3) (4)
CE CE CE CE

TFIN 0.0481 ** 0.1877 *** 0.0445 * 0.1932 ***
(2.0514) (4.4875) (1.9239) (4.6644)

_cons −0.0095 0.0070 * −0.0098 0.0066 *
(−1.4948) (1.8311) (−1.5607) (1.7217)

Linear Terms of Control Variables Yes Yes Yes Yes
Quadratic Terms of Control Variables No No Yes Yes
City No Yes No Yes
Year No Yes No Yes
N 4512 4512 4512 4512

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.

When specifying the DML model, both the sample splitting ratio and machine learning
algorithms were subject to manual determination. To mitigate potential human interven-
tion in parameter configuration, we conducted robustness checks by re-examining multiple
splitting ratios and alternative machine learning algorithms. First, while the original model
employs the Random Forest algorithm for prediction, we substituted it with Lasso, Gradi-
ent Boosting, and Neural Network algorithms to assess algorithmic sensitivity. As shown
in columns (1)–(3) of Table 15, the DML estimates using these three alternative algorithms
remain statistically significant at the 1% level, indicating that the positive effect of TFIN
is robust to machine learning algorithm selection. Second, K-fold cross-fitting is applied
to eliminate estimation bias induced by sample splitting, and the complete operational
procedure is specified as follows. First, stratified sample splitting is implemented: the
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full sample containing 4512 observations is randomly divided into two non-overlapping
subsamples. Two splitting ratios of 1:3 and 1:7 for the primary subsample and auxiliary
subsample are set for robustness checks. Second, the auxiliary subsample is utilized to train
the machine learning prediction model to generate predicted values of the explained vari-
able carbon emission efficiency, which are then incorporated into the primary subsample to
construct orthogonalized variables after residual elimination. Third, the two subsamples
are swapped: the primary subsample is used for model training, and orthogonal residual
processing is conducted on the auxiliary subsample. Fourth, linear regression is performed
separately on the two groups of orthogonalized residual subsamples to estimate the average
treatment effect of the policy TFIN. Finally, the regression coefficients and standard errors
from the two subsamples are combined to obtain the final DML estimator, which avoids
accidental bias arising from a single sample split. Given the initial 1:5 sample splitting
ratio, we further test 1:3 and 1:7 ratios under the Random Forest framework. The results in
columns (4)–(5) of Table 15 demonstrate that TFIN’s continues to have an effect on CE with
statistical significance at least at the 1% level across varying splitting proportions. This con-
firms that the experimental conclusions are insensitive to cross-fitting ratio specifications,
thereby validating the policy efficacy of sci-tech finance in enhancing urban CE.

Table 15. Causal inference via DML modeling.

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

Lasso CE Gradient
Boosting CE

Neural
Network CE 1:3 CE 1:7 CE

TFIN 0.2859 *** 0.1539 *** 0.2115 *** 0.1896 *** 0.1692 ***
(9.6303) (5.2855) (7.7106) (5.2196) (3.7742)

_cons 0.0007 0.0013 0.0200 *** 0.0067 * 0.0048
(0.1682) (0.2851) (6.0978) (1.6838) (1.2581)

Linear Terms of Control Variables Yes Yes Yes Yes Yes
Quadratic Terms of Control Variables Yes Yes Yes Yes Yes
City Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes
N 4512 4512 4512 4512 4512

Note: (1) *, **, *** denote significance at the 1%, 5%, 10% statistical levels, respectively; (2) Values in parentheses
are test p-values.

6. Conclusions and Policy Recommendations
Achieving China’s “Dual Carbon Target” highlights the importance of investigating

the role of sci-tech finance in promoting urban green and low-carbon development. This
research uses panel data from 282 prefecture-level cities (2006–2022) to examine the effects
of the “Sci-Tech Finance Integration Policy” through a quasi-natural experiment approach.
By applying the SBM-GML model to assess carbon emission efficiency as an indicator of
green development, and utilizing fixed effects and difference-in-differences models, this
study demonstrates that sci-tech finance significantly boosts CE, supporting China’s carbon
neutrality objectives. A series of robustness tests—including parallel trend analysis, placebo
tests, PSM-DID, alternative dependent variables, and excluding competing policies—verify
the consistency and credibility of these results. Additionally, the policy’s impact on emis-
sion reductions intensifies over time. Mechanism analysis was used to identify three
pathways: enhancing urban innovation capacity, improving financial institution efficiency,
and optimizing energy consumption structures. Heterogeneity tests demonstrate stronger
CE improvements in eastern China, regions with stringent environmental regulations,
high-marketization areas, and non-resource-dependent cities. While moderate benefits
are observed in central–western regions and low-marketization areas, resource-dependent
cities exhibit adverse effects, likely due to entrenched carbon-intensive industries. Sci-tech
finance boosts local CE by accelerating low-carbon industry agglomeration, but generates
negative indirect effects on neighboring regions, primarily attributed to their insufficient
technological absorption capacity and institutional barriers. This spatial pattern aligns
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with the pre-existing Moran’s I test results, validating the necessity of incorporating spatial
effects into the econometric framework. Finally, employing the DML framework, this study
further demonstrates that sci-tech finance exert a statistically significant positive impact on
enhancing urban CE.

The limitations of this study are as follows: the spatial weight matrix is constructed
based on geographical distance, and future research could incorporate economic, techno-
logical, or institutional proximity to capture more complex spatial interactions; due to data
constraints, the mechanism analysis focuses on macro-level pathways, while micro-level
transmission mechanisms such as firm investment decisions have not been fully explored;
and this study takes prefecture-level cities as the analysis unit, and the applicability of
the conclusions at the firm level needs further verification. Future studies can extend this
research in three aspects: utilizing micro-level data to analyze the impacts of sci-tech fi-
nance on carbon emission efficiency across different ownership types and industrial sectors;
exploring the moderating role of other policy tools such as digital finance and green finance
in the relationship between sci-tech finance and carbon emission efficiency to provide
insights for policy coordination; and examining the long-term effects of sci-tech finance
on carbon neutrality, including its impacts on carbon sequestration and circular economy
development, so as to establish a more comprehensive evaluation framework. Fourth,
this study does not examine the dynamic effects of the policy. It has not investigated the
differences in policy implementation effects across the short, medium, and long term, nor
has it analyzed the lag characteristics of the policy’s impact. This oversight limits the
understanding of the temporal trajectory and adaptive adjustment required for optimal
policy intervention.

Policy recommendations are as follows:
To promote green transformation through sci-tech finance, it is necessary to design

precise tools based on the characteristics of different regions. At the level of risk-sharing
mechanisms, a special “Sci-Tech Finance-Green Transformation” risk compensation fund a
special “Sci-Tech Finance-Green Transformation” risk compensation fund should be estab-
lished. The fund’s capital contributions should be shared among the central government
(30%), local government (30%), and participating financial institutions (40%). The compen-
sation standard should be tiered, covering 70% of actual bad debt losses for projects with
verified annual emission reduction exceeding 10%, and 50% for projects with reductions
between 5% and 10%. A mandatory exit mechanism should be designed: if a funded project
fails to meet half of its emission reduction target over two consecutive assessment periods,
the financial institution must cease lending and the project is barred from future fund
applications for three years. This fund is specifically targeted at green technology transfor-
mation projects of traditional industries in resource-based cities. For example, areas with
both emission reduction potential and transformation difficulties, such as the upgrading of
clean coal production technologies and the retrofitting of ultra-low emission equipment
in thermal power plants, should be compensated according to the proportion of actual
bad debt losses of the projects. By alleviating the risk concerns of financial institutions, it
can guide them to expand the scale of credit lending to such projects, thus breaking the
financing bottleneck of traditional high-carbon industries caused by “high risks and long
return cycles”. Meanwhile, it is necessary to build a diversified green financing platform,
and carry out targeted pilot projects of transition-specific loans in resource-based cities.
The loan amount can be dynamically adjusted according to the emission reduction benefits
of the projects, and supporting fiscal interest subsidy policies should be simultaneously
implemented to directly reduce the financing costs of enterprises. This can not only allevi-
ate the problem of “financial exclusion” faced by resource-based enterprises, which can
struggle to obtain traditional credit support due to the insufficient mortgage value of high-
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carbon assets, but also promote their leap from “end-of-pipe treatment” to “full-process
low-carbon transformation” through targeted capital injection.

Optimizing the transmission mechanism requires in-depth strengthening of the com-
patibility between technological innovation and financial support, and precise efforts
targeting the core needs of different transformation stages. On the technological inno-
vation front, efforts should be made to make breakthroughs in technologies unique to
resource-based cities, and implement a combined incentive policy of “post-subsidy for
R&D investment and intellectual property pledge financing”. Special subsidies should
be given according to actual R&D expenses, and at the same time, intellectual property
rights such as relevant technical patents and proprietary technologies should be included
in the scope of pledge financing targets, with sci-tech financial institutions providing credit
support. This will not only ease the financial pressure of enterprises in early-stage R&D,
but also broaden financing channels through asset activation. On the energy transition
front, a “special fund for renewable energy integration” should be established, with the
total scale of the fund dynamically adjusted according to regional energy demand, and
allocated in different tiers based on the exploitable potential of renewable energy such
as solar energy, wind energy, and biomass energy in cities. For regions with superior
resource endowments, the proportion of quotas will be increased to specially support the
construction of integrated projects such as smart microgrids. Through targeted capital
investment, the integration and upgrading of renewable energy systems will be promoted,
and the process of replacing high-carbon energy sources will be accelerated.

Regional strategies should be fully based on the development foundation and transfor-
mation pain points of each region to build differentiated sci-tech finance support systems.
The eastern region can take advantage of its mature financial market to select innovative
forms such as linked products of carbon futures and sci-tech credit, and green project
financing tools based on blockchain into the testing scope. By appropriately relaxing access
thresholds and establishing error-tolerance and error-correction mechanisms, it can explore
the integration path of financial technology and low-carbon transformation under the
premise of controllable risks, and accumulate experience for tool innovation nationwide.
For the central and western regions, as well as areas with low marketization, a key policy
toolkit should be the construction of cross-regional sci-tech finance cooperation mecha-
nisms. This involves establishing a dedicated cross-provincial sci-tech finance coordination
committee, which will work to unify the credit standards and information sharing plat-
forms for green technology projects across the region. By doing so, it aims to overcome the
limitations of fragmented local financial markets, and facilitate the flow of capital from
more developed eastern financial centers to green projects in these less developed areas.
The central and western regions need to focus on the key bottleneck of cross-regional con-
sumption of renewable energy, and jointly issue “regional collaborative green bonds”. The
funds raised by the bonds will be specially used for the upgrading of cross-regional power
grid infrastructure such as ultra-high-voltage transmission lines and smart grid dispatching
systems. Resource-based cities should establish a dynamic adjustment mechanism that
links transformation performance with financial support, and rigidly bind sci-tech financial
support quotas with core transformation indicators such as the rate of decline in energy
consumption per unit of GDP, the rate of decline in the proportion of coal consumption,
and the intensity of investment in low-carbon technology R&D. Emphasis should be placed
on carrying out adaptive skill training in carbon accounting, new energy operation and
maintenance, etc., to break the constraints of human resources in the transformation process
by improving the matching degree between the labor market and low-carbon industries.

We aim to leverage the mediating roles of innovation capacity, financing capacity, and
energy consumption structure, clarify the transmission mechanism of sci-tech finance, and
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realize green high-quality economic development. Specifically, attaching great importance
to the pivotal role of technological innovation in green and low-carbon development—by
embedding financial platforms into the construction of industrial internet big data cen-
ters through information technology and facilitating the commercialization of innovative
achievements—constitutes an innovative measure to enhance economic development. We
should summarize the experience from pilot innovative city construction, strengthen in-
stitutional arrangements and designs related to digital technology innovation, further
improve the pilot system of “local pilot projects–central summarization–local promotion”,
and adopt context-specific collaborative innovation models integrating digital technology
with traditional industries to support regional digital transformation. Additionally, it is
crucial to respect intellectual property rights, strengthen the protection of intellectual prop-
erty related to low-carbon innovative technologies, and guide various financial institutions
to actively participate in the process of green production transformation. Consciously
channeling more funds into the green technology industry, we need to strengthen the
guiding role of fiscal technology expenditures on financial institutions and various types
of capital, directing them to flow more into clean technologies and low-carbon industries.
We should actively explore diversified financial service models and develop enterprises’
financing capacity through multiple channels. In the strategic layout of economic devel-
opment, efforts should be made to scientifically promote the transformation of the energy
consumption structure: while upgrading and renovating traditional industries, vigorously
cultivate high-tech industries, popularize energy-saving technologies and measures, im-
prove energy use efficiency, guide enterprises and residents to use energy rationally, and
form a green and low-carbon energy consumption pattern. Furthermore, by optimizing
the investment environment and providing convenient market access conditions, we can
attract more foreign capital to flow into the Chinese market. We should attach importance
to the technology spillover effects brought by foreign direct investment, encourage domes-
tic enterprises to collaborate with foreign-funded enterprises, and learn from advanced
technologies and management experiences. Based on the inherent development charac-
teristics of different regions, we should implement differentiated sci-tech finance policies
in light of local and temporal conditions, fully recognize the direct mechanism of action
of sci-tech finance, and continuously improve institutional rationality to strengthen the
indirect driving effect of central urban areas on surrounding regions, thereby enhancing
the flexibility and inclusiveness of policy pilots. In the future selection of sci-tech finance
pilot cities, we can leverage the inherent advantages of social development in eastern
regions, the regulatory strengths of areas with strong environmental regulation intensity,
and the financing advantages of regions with a high degree of marketization, align with the
development goals of non-resource-based cities, and actively explore new sci-tech finance
service models. This will effectively implement the integrated development of finance and
technology and create a more favorable market environment.
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