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Editorial on the Research Topic 
Urban carbon emissions and anthropogenic activities


1 INTRODUCTION
The following ten scientific articles have provided robust, data-driven insights into how China can achieve its “dual carbon” goals (carbon peak and neutrality).
They highlight that:
	• Digital infrastructure, green innovation, and policy experimentation are critical drivers.
	• Policies must be regionally differentiated and technology-driven.
	• Effective climate action depends on multi-level coordination, integrating local, regional, and national strategies.

In summary, these studies suggest that China’s environmental transition must be smart, digital, inclusive, and tailored to local contexts, leveraging both market-based tools and technological advancement to build a sustainable future.
Specifically, the papers in this Research Topic can be clustered as follows.
2 POLICY-DRIVEN CORPORATE GREEN TRANSFORMATION
The study by Qian et al. examines the impact of China’s “Zero-Waste City” pilot policy on corporate green transformation. Using double machine learning methods on firm-level data (2016–2023), they find that the policy significantly accelerates corporate environmental upgrading. This happens through three main channels: 1) increased green technology innovation; 2) stronger government oversight; and 3) growing investor environmental awareness. Notably, the policy impact is stronger for non-state-owned firms, non-heavy-polluting sectors, and traditional industries, providing valuable evidence for targeted environmental policy effectiveness.
3 DIGITALIZATION AND LOW-CARBON GOVERNANCE
Digital transformation plays a central role in environmental governance, as highlighted in multiple studies.
	• Hu and Song show that greater government digital attention at the city level helps reduce carbon emissions. This is achieved by improving public low-carbon awareness, enhancing governance capacity, and encouraging corporate low-carbon transitions. The effect is stronger in eastern China and in cities with more developed markets.
	• Li and Diao focus on digital infrastructure, showing that it supports simultaneous reductions in pollution and carbon emissions, with a significant synergistic effect. It facilitates labor, capital, and innovation flows across cities. A nonlinear U-shaped relationship was found, suggesting that digital infrastructure must be optimized to maximize environmental gains.
	• Sun et al. analyze how the digital economy influences urban carbon emissions. The effect is nonlinear: initially, digital development increases emissions, but once a certain threshold is crossed, it facilitates technological innovation, which offsets those emissions. Thus, green tech R&D is key to aligning digital growth with climate goals.

4 LAND USE, URBAN SHRINKAGE, AND EMISSIONS
	Land use and demographic changes significantly affect carbon outcomes.
	•Zhang et al. examine land use carbon emissions (LUCE) in shrinking counties in the Beijing- Tianjin-Hebei (BTH) region. They find that although shrinking areas emit less overall, their emissions grow faster, mainly due to inefficient urban land expansion. Severe shrinkage areas have the fastest per capita emission growth, stressing the need for differentiated carbon control strategies in shrinking urban regions.
	•Chen et al. focus on county-level emissions in the Guanzhong region of Shaanxi. Industrial and residential sectors are the largest contributors. The spatial pattern shows a core-edge structure, with urban centers emitting more, while rural areas (like Qinling National Park) have significant carbon sink potential. This highlights the importance of localized strategies for rural low-carbon development.

5 URBANIZATION, AGGLOMERATION, AND EMISSIONS
Urbanization and industrial agglomeration present both challenges and opportunities.
	• Zhu and Lin investigates producer services agglomeration and finds it reduces local urban carbon intensity by enhancing energy efficiency and industrial structure upgrading. However, it has limited spillover effects on surrounding areas. Its benefits are stronger in non-resource-based cities and mid-sized urban areas.
	• Conversely, Zhang et al. highlight a paradox: rising urbanization tends to decrease carbon emission performance per unit space. They show strong spatial autocorrelation and spillover effects, especially linked to industrial and energy structure. Therefore, urbanization without structural reforms may hinder carbon efficiency.

6 POLICY INNOVATION FOR POLLUTION AND CARBON REDUCTION
	Innovative environmental policies are a key lever for emissions control.
	•Wang et al. assess the impact of Energy-Consuming Rights Trading (ECRT) as a quasi-natural experiment. Their findings show that ECRT significantly improves pollution and carbon reduction, particularly in central and western regions and in resource-based cities. The mechanism relies on green innovation and industrial upgrading. The authors recommend expanding ECRT’s coverage and flexibility.
	•Jiang and& Wu analyze the environmental impact of the Belt and Road Initiative (BRI). Since 2014, BRI has reduced PM2.5 levels in key provinces along the route, mainly by fostering technological innovation and industrial restructuring. However, the effect is stronger in areas along the Silk Road Economic Belt, suggesting regional disparities. BRI also improved green total factor productivity, supporting a greener “Belt and Road.”

Finally, across these ten studies, it has been possible to reveal a number of cross-cutting insights and policy implications, some of which are outlined below.
	✓ Digitalization as a Double-Edged Sword Digital technologies and infrastructure support emissions reduction, but only when paired with technological innovation and regulatory adaptation. Without green innovation, digital development may initially worsen emissions.
	✓ Importance of Tailored Regional Policies Geographic and economic differences matter: shrinking cities, mid-sized cities, resource-based regions, and rural counties exhibit distinct emissions patterns. As such, one-size-fits-all approaches are inadequate.
	✓ Role of Structural Transformation Structural reforms—especially in industrial upgrading, energy restructuring, and land-use efficiency—are essential complements to any policy aimed at decarbonization.
	✓ Synergy between Pollution Control and Carbon Goals Multiple studies confirm that policies promoting air quality improvement (e.g., PM2.5 reduction) often align with carbon reduction goals, offering co-benefits that enhance policy efficiency.
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Energy-consuming rights trading (ECRT) policy represents a critical policy instrument for China striving to achieve its “dual carbon” objectives, captivating significant attention for its potential to reduce pollution and carbon emissions. This study utilizes panel data from 290 Chinese cities spanning 2010 to 2021, leveraging the ECRT policy as a quasi-natural experiment. Employing Difference-in-Differences (DID) and Propensity Score Matching-Difference-in-Differences (PSM-DID) methodologies, we assess the effect of the ECRT policy on urban pollution and carbon reduction levels. The findings indicate: 1) Relative to non-demonstration cities, the ECRT policy significantly enhances pollution and carbon reduction levels in demonstration cities; this conclusion remains robust after rigorous testing. 2) Heterogeneity analysis indicates that the policy’s effect on pollution and carbon reduction is more significant in the central and western regions, and particularly evident in key and resource-based cities. 3) Mechanism tests demonstrate that the policy facilitates urban pollution and carbon reduction by cultivating green technological innovation and industrial structure upgrading. Therefore, to further advance the ECRT policy, it is necessary to expand the breadth, depth, and flexibility of policy implementation, while also optimizing environmental regulations to fully leverage the system’s potential in enhancing urban pollution and carbon emissions.
Keywords: energy-consuming rights trading policy, entropy-weighted TOPSIS model, difference-in-differences model, green technological innovation, industrial structure upgrading, China

1 INTRODUCTION
With the persistent advancement of economic and social development, particularly the rapid acceleration of industrialization, the global energy demand has witnessed a surge in both its rate and magnitude. According to the BP Statistical Review of World Energy 2023, global primary energy consumption reached 604.04 exajoules, marking a 1.3% increase from the 2019 level. Specifically, fossil fuels accounted for 82% of the consumption (BP statistical review of world energy, 2023). However, such significant reliance on fossil fuels has given rise to a spectrum of environmental concerns, including air pollution and ecological degradation (Khan et al., 2020; Li and Hu, 2020). The “Climate Change 2021: The Physical Science Basis” report compiled by the Intergovernmental Panel on Climate Change (IPCC) demonstrates that the average surface temperature from 2011 to 2020 surpassed pre-industrial levels by 1.1°C, accompanied by a continuous increase in the frequency and intensity of extreme weather events, posing significant threats to both environmental security and human health (Intergovernmental Panel on Climate C, 2023).
The majority of countries, including China, are experiencing an upward trend in carbon dioxide emissions (Shaari et al., 2021). China’s role as the leading global consumer of energy has profound implications for the global environment. The nation’s energy consumption and its ensuing pollution emissions issues have become a focal point for academic communities globally (Fatima et al., 2021; Bangjun et al., 2022; Meo et al., 2023; Xiao and Peng, 2023). As illustrated in Figure 1, China’s energy mix relies heavily on coal, crude oil, and natural gas, supplemented by other sources such as hydropower and nuclear power.
[image: Bar chart showing the energy consumption proportions in China from 2012 to 2022. Coal is the largest, followed by petroleum, then natural gas, and finally other energy sources. Proportions remain relatively stable over the years, with slight increases in natural gas and other energy.]FIGURE 1 | Energy consumption structure in China from 2012 to 2022.
China’s characteristics of resource endowment have long been shaped by “an abundance of coal coupled with limited oil and natural gas reserves”. In this light, and combined with an early economic development model characterized by high energy consumption, high emissions, and high pollution, fossil fuels are entrenched as the dominant energy source—notwithstanding their negative environmental impact. While the proportion of coal in the energy mix has steadily declined between 2012 and 2022, it remains significant (Suo et al., 2024). In 2022, China’s total energy consumption reached 5.41 billion tons of standard coal equivalent, with fossil fuels—coal, petroleum, and natural gas—accounting for over 80% of this consumption. This continued reliance on fossil fuels poses a considerable challenge, contributing significantly to the country’s environmental pollution problems. The “2022 China Environmental Status Report” indicates that among 339 Chinese cities, 126 (37.2%) failed to meet the environmental air quality standards. More specifically, 57 cities exceeded the limit for one pollutant, 31 for two pollutants, and 38 for three pollutants (Ministry of Ecology and Environment of China, 2022). Besides, China’s overall environmental performance ranked 160th out of 180 countries in the 2022 Environmental Performance Index (EPI) report. The country also received low rankings for air quality, specifically in terms of environmental particulate matter and other related indicators (Zhong et al., 2024). As the world’s largest developing nation, China faces significant gaps in environmental governance compared to developed countries and some emerging economies. Therefore, China faces immense pressure to address environmental challenges and navigate the dual constraints of resource scarcity and environmental degradation (Li et al., 2019). Therefore, a pressing imperative for achieving green and low-carbon development in China is to enhance energy efficiency and establish a development model characterized by low energy consumption, minimal pollution, and reduced emissions, thereby contributing to pollution and carbon reduction.
In response, the Chinese government has implemented a series of measures, including policies for pollutant discharge rights trading and carbon emission rights trading. During the 13th Five-Year Plan period, the “Four Revolutions and One Cooperation” energy security strategy offered guidance for China’s energy development in the new era. Building on the pollutant discharge rights trading and carbon emission rights trading policies, the “Overall Plan for Ecological Civilization System Reform” introduced in 2015 first proposed the concept of energy rights. In 2016, pilot projects for energy-consuming right trading (ECRT) policy were initiated in Zhejiang, Fujian, Henan, and Sichuan provinces. The ECRT policy is based on the total energy consumption indicator (typically measured over a 1-year period). This trading occurs in a controlled region where energy-using units are allowed to trade legally obtained energy consumption quotas. The ECRT policy, similar to the European Union’s white certificate trading system, emphasizes source control and utilizes the market for optimal resource allocation (Zhang et al., 2023a). Its aim is to achieve “dual control” of total energy consumption and intensity, offering a new pathway for pollution and carbon reduction.
Considering the significant theoretical and practical implications of the ECRT policy, this paper empirically evaluates and discusses several critical yet insufficiently explained issues: Firstly, how will the implementation of the ECRT policy impact the level of pollution and carbon reduction in cities? Secondly, through what mechanisms can pollution and carbon reduction be achieved? Thirdly, does the ECRT policy produce significant differences in pollution and carbon reduction effects across cities with different urban hierarchies, resource endowments, and geographical locations? Addressing these questions will enrich the empirical research on the effects of the ECRT policy, contributing significantly to the advancement of the energy rights system, promoting harmonious coexistence between humans and nature, and thus facilitating the green transformation of the economy and society. Meanwhile, as a developing nation, China’s efforts in pollution and carbon reduction offer a valuable model for other developing countries. These efforts highlight China’s commitment to supporting global sustainable development through collaborative initiatives.
This study produces several marginal contributions to the existing literature. First, while most existing studies measure urban low-carbon development utilizing carbon emissions volume or carbon emission efficiency, this study innovatively employs an entropy weight-TOPSIS model. This model evaluates a city’s environmental pollution index, which is then multiplied by carbon emissions to represent the city’s progress in coordinated pollution and carbon reduction efforts. Second, from the policy perspective of the energy use rights trading scheme, this study utilizes data from 2011 to 2021 across prefecture-level cities to systematically examine the effect of this policy on pollution and carbon reduction. This analysis not only enriches the existing research on the ECRT policy but also provides new evidence to support the promotion of this system and the enhancement of coordinated pollution and carbon reduction efforts in cities. Finally, in terms of research content, the main contributions include three aspects: First, recognizing the common origin of carbon dioxide and other atmospheric pollutants, this paper analyzes the policy’s effects on other atmospheric pollutants, thus broadening the scope of research on the environmental effects of the ECRT policy. Second, by considering the differences in geographical location, urban hierarchy, and resource endowments of cities, the study explores the heterogeneous effects of the ECRT policy on urban pollution and carbon reduction, aiding in a targeted understanding of the mechanisms through which the ECRT policy affects urban pollution and carbon reduction. Third, the paper employs a mechanism test model to analyze the role of energy intensity in the ECRT policy’s effect on urban pollution and carbon reduction, contributing to a deeper understanding of the mechanisms through which the ECRT policy affects urban pollution and carbon reduction.
The rest of the paper is organized as follows. The second section contains the relevant literature review five and research hypotheses. The third section shows the model setup, data sources, variable definitions, and descriptive statistics. The fourth section reports the empirical results and robustness tests. The fifth section further tests the heterogeneity of cities from three aspects: city locations, city level, and urban resource endowment. It also explores the mechanism of ECRT policy in demonstration cities. The last one, there are conclusions and policy recommendations.
2 LITERATURE REVIEW AND RESEARCH HYPOTHESES
Environmental regulatory policies represent one of the effective means to address environmental issues, with their theoretical foundations and practical applications mutually strengthening each other. The “public good” nature of the environment means that spontaneous price mechanisms struggle to address the external diseconomies produced by environmental pollution during economic activities. Methods to address these externalities include the imposition of environmental taxes and the definition of property rights. Originating from Pigou’s (Pigou, 1920) 1920 theory, which proposed the use of taxation to resolve the externalities of environmental pollution, environmental taxes represent a typical governmental control approach. The property rights theorem, introduced by Coase (Coase, 2013) in 1960, suggests that by clearly and appropriately defining initial property rights, economic value can be assigned to environmental resources, and resource allocation can be optimized through the market to achieve Pareto efficiency. Building on Coase’s theorem, research on environmental regulatory policies has expanded. Dales (Dales, 1970) first applied the concept of property rights to pollution control, introducing “pollution rights trading.” Montgomery (Montgomery, 1972), utilizing mathematical economic methods, demonstrated the cost-effectiveness of market-based pollution rights trading systems. In 1976, the U.S. Environmental Protection Agency (EPA) applied pollution rights trading in practice, followed by Germany, Australia, China, and other countries gradually establishing their pollution rights trading policies. Carbon emission rights trading, as an extension of pollution rights trading, was formally established as a new market-based mechanism to address greenhouse gas emissions following the signing of the Kyoto Protocol in 1997. The European Union established the Greenhouse Gas Emission Trading System (EU-ETS) in 2005, applying carbon emission rights trading on a large scale in practice (Brouwers et al., 2016), which has since enriched research in various countries. The ECRT policy is based on pollution rights trading and carbon emission rights trading policies, and it belongs to market-incentive environmental regulatory policies.
China’s environmental regulatory policies primarily include command-and-control and market-incentive environmental policies (Xiong et al., 2020). Researchers have noted that China’s early environmental governance was based on command-and-control environmental policies (Ren et al., 2018), where the government directly manages and controls, with “mandatory” characteristics such as market access, restrictive use, and price controls. These policies, while strict, often result in displacement effects from corporate production exceeding the benefits brought by innovation, with high implementation costs and relatively low operational efficiency. Market-incentive environmental policies, on the other hand, can internalize externalities through market transactions and economic incentives. China currently has four market-incentive environmental regulatory policies: ECRT policy, pollution rights trading, carbon emission rights trading, and water rights trading. Compared to command-and-control, market-incentive policies are less costly (Jaffe et al., 2003) and offer more significant incentives in reducing pollutant emission intensity (Kathuria, 2006). Market-based environmental regulations, represented by ECRT, pollution rights trading, and carbon emission rights trading, have become important policy tools for countries to address resource, environmental, and climate change issues. Among these, pollution rights trading and carbon emission rights trading are categorized under end-of-pipe management, while ECRT pertains to source control. Guo et al. (2024a) argued that environmental pollution taxes leverage the advantages of tax systems in market-based resource allocation, utilizing price signals to propel the development of a green and low-carbon economy.
Regarding the effect of environmental regulatory policies on pollution and carbon reduction from an end-of-pipe management perspective, extensive theoretical and empirical research has been conducted in China. This research has explored both the macro and micro effectiveness of environmental regulatory policies in reducing pollution and carbon emissions. Effectiveness includes the effectiveness of pollution rights trading mechanisms in pilot areas for reducing pollutants and the effectiveness of carbon trading policies in reducing carbon emissions.
For instance, Dong et al. (2019), Chai et al. (2022) utilized provincial data, Yan et al. (2020), Feng. (2020), Shen et al. (2023) utilized municipal-level data, and Zhang and Zhang. (2020) utilizing industry data, have empirically demonstrated at a macro level that pollution rights trading policies or carbon emission rights trading policies significantly reduce the emissions of pollutants and carbon dioxide. At the micro level, the focus has primarily been on enterprises, with Chen et al. (2018), Zhu et al. (2022) utilizing firm-level data to prove that end-of-pipe environmental regulatory policies significantly promote emission reductions in enterprises. However, differing opinions on the effectiveness of these reductions exist, such as Shin’s (Shin, 2013) view that China lacks the prerequisites for policy innovation and diffusion, with policy imitation prevailing over innovation, thus limiting the effectiveness of emission rights trading policies in reducing pollution. Guo. (2018) argued that emission permit trading policies consist of multiple policy tools, which may conflict with each other, thereby affecting the overall policy implementation, and that excessive intervention by local governments casts doubt on the efficiency of carbon emission rights trading in reducing emissions. Overall, existing research generally agrees that environmental regulatory policies from an end-of-pipe management perspective significantly promote pollution and carbon reduction, yielding environmental dividends (Song et al., 2022).
The effect of ECRT policy on pollution and carbon reduction from a source control perspective is the focal point of this paper. However, empirical studies on this subject are currently limited, with most research utilizing provincial or corporate data and treating ECRT pilot policies as quasi-natural experiments. For instance, Wang (Wang X. et al., 2023) selected panel data from 30 provinces in China from 2011 to 2020, constructing a DID model with the ECRT pilot policy as a quasi-natural experiment, and through regression analysis demonstrated that the ECRT policy can significantly reduce carbon dioxide emissions and emission intensity. Yang et al. (2024), based on provincial panel data, employed a DID model to empirically analyze the carbon mitigation effects of the ECRT policy, confirming that it could significantly reduce carbon dioxide emissions in pilot provinces. Zhang et al. (2023b) offered empirical evidence of carbon mitigation from a micro perspective, utilizing a sample of Chinese carbon-emitting companies from 2011 to 2020 and employing the DID method to study whether the ECRT policy has a dual dividend effect on corporate economic performance and carbon emissions. They found that the ECRT policy could significantly reduce corporate carbon emissions through enhancing technological innovation, thereby achieving environmental dividends. Researchers have also analyzed municipal panel data, such as Wang K. et al. (2023), who utilized the DID method combined with municipal panel data to demonstrate that implementing the ECRT policy can reduce regional carbon emission intensity by encouraging corporate green technological innovation. In their heterogeneity analysis results, the carbon mitigation effects of the ECRT policy were significant in the eastern and central regions. Han et al. (2024), utilizing panel data from 266 Chinese cities, constructed a DID model to demonstrate that the ECRT policy resulted in a reduction of 84.8% in CO2 and 34.5% in SO2 in pilot cities compared to non-pilot cities. Compared to studies on environmental regulatory policies from an end-of-pipe management perspective, there are fewer empirical studies on the effect of ECRT pilot policies on pollution and carbon reduction, with most originating from provincial and corporate data and fewer exploring municipal-level data, neglecting the analysis of the reduction effects on atmospheric pollutants other than carbon dioxide. Based on the common origin of carbon dioxide and other atmospheric pollutants and the policy design objectives of the ECRT policy, which aims to promote pollution and carbon reduction at all levels, this paper proposes the following hypothesis.
H1:. ECRT policy can significantly enhance a city’s capacity for pollution and carbon reduction.
According to Porter’s hypothesis, stringent environmental regulatory policies stimulate corporate green technological innovation (Porter and Linde, 1995). Green technological innovation, which adheres to ecological and economic standards (Gao et al., 2022a), has attributes of environmental friendliness, innovativeness, and efficiency, and its importance in sustainable development continues to grow (Zhang et al., 2022). Existing research largely agrees that green technological innovation has a positive effect on pollution and carbon reduction (Chen and Lee, 2020; Shan et al., 2021; Gao et al., 2022b; Dong et al., 2022; Yi et al., 2022), often measured by the number of low-carbon technologies and green invention patents applied for or held by production units. If the cost of green technological innovation for a production unit offsets environmental costs, it will opt for green technological innovation to enhance its market profitability and competitiveness. ECRT policy, focusing on source control, is a market-incentive environmental regulatory policy that internalizes the external environmental costs caused by production units. Under the control of total energy consumption and intensity in the region, pilot area governments are responsible for the allocation of energy rights quotas, periodically granting energy units initial energy rights quotas either freely or for a fee, with differential charges applied for excess usage. In the energy market, energy units are free to trade energy rights quotas. When the cost of energy rights quotas for high-energy-consuming units exceeds the cost of innovation, to offset compliance costs and maximize profits, they will increase investment in green technological innovation, actively engaging in it to enhance input-output levels; otherwise, they will reduce output or purchase quotas to fulfill their energy-saving and consumption-reducing responsibilities (Li and Zhao, 2023). Currently, researchers have utilized empirical methods to prove that ECRT policy significantly incentivizes green technological innovation. For instance, Zhang and Chen. (2023), Shao and Liu. (2024), based on micro-level data from Chinese enterprises, have empirically demonstrated that the ECRT policy significantly promotes green technological innovation among Chinese enterprises. At the urban level, Guo et al. (2023a), utilizing panel data from 254 Chinese cities from 2005 to 2019, combined with the DID model and Super-SBM method, verified that ECRT policy can enhance urban green development efficiency through green technological innovation. In summary, ECRT policy has an incentivizing effect on corporate green technological innovation, and green technological innovation is critical in promoting pollution and carbon reduction. Based on this, the following hypothesis is proposed.
H2:. ECRT policy can promote urban pollution and carbon reduction by cultivating green technological innovation.
Advancing the upgrade of industrial structures is a crucial aspect of supply-side structural reforms (Gao et al., 2022b). Upgrading industrial structures deepens the transformation of traditional industrial sectors, optimizes their input structures, enhances resource utilization efficiency, and facilitates cleaner and more efficient production processes. The significance of industrial structure upgrading in elevating industrial development levels and accelerating pollution and carbon reduction processes is well recognized (Zhou et al., 2013; Dong et al., 2020). Regarding the effect of ECRT policy on industrial structure upgrading, empirical studies have demonstrated that ECRT policy is conducive to promoting industrial structure upgrades (Zhang and Zhou, 2024). The effect of these policies on industrial structure upgrading is twofold: firstly, ECRT policy, by classifying energy rights quotas, constrains high-energy-consuming industries, guiding them to adjust production models, optimize resource allocation, and facilitate the transfer of resources to low-energy-consuming industries, thereby compelling industrial transformation and upgrading (Xue and Zhou, 2022). Secondly, they offer significant market opportunities for emerging industries, leading to cluster effects of new industries, thus driving the development of high-tech industries and achieving the optimization and upgrading of industrial structures (Meng, 2023). In summary, ECRT policy is beneficial in promoting industrial structure upgrades, which can accelerate the process of pollution and carbon reduction. Based on this, the following hypothesis is proposed.
H3:. ECRT policy can promote urban pollution and carbon reduction by cultivating the transformation and upgrading of industrial structures.
3 RESEARCH DESIGN
3.1 Model setup
3.1.1 Entropy-weighted TOPSIS model
The TOPSIS method is an optimal selection method based on the similarity to an ideal solution. Its principle involves utilizing the Euclidean distance to determine the proximity of the evaluation object to the best and worst solutions, thereby achieving a comprehensive evaluation ranking. The entropy-weighted TOPSIS method utilizes the entropy method to determine the weights of evaluation indicators, effectively overcoming the effects of subjective factors present in traditional TOPSIS methods when determining indicator weights. The entropy method allows for a more objective weighting of indicators, more reasonably reflecting the utility value of indicator data.
In environmental pollution management, the reduction of pollutants such as atmospheric pollutants, solid waste, and wastewater can bring about synergistic effects on carbon emission reduction and climate change (Chaudhry et al., 2021). Following the approach of Le et al. (Le et al., 2023), this paper adopts an enhanced entropy-weighted TOPSIS model to measure the environmental pollution index of various prefecture-level cities to represent the local ecological environment quality and degree of environmental pollution. The environmental pollution index calculation involves indicators of “three types of wastes” from 2010 to 2021 for 290 prefecture-level cities in China, specifically including the generation of general industrial solid waste (in ten thousand tons), carbon dioxide emissions from exhaust gases (in ten thousand tons), and total wastewater discharge (in ten thousand tons). The environmental pollution index is an inverse indicator; the higher its value, the more severe the city’s environmental pollution and the lower the quality of its ecological environment. The calculation steps are as follows:
First, trend normalization of indicator data, [image: Mathematical formula showing \( r_{ij} = \frac{x_{ij}}{\text{min} \, x_{j}} \). This equation represents the calculation of a normalized value, where \( x_{ij} \) is divided by the minimum value of \( x_{j} \).], where [image: Lowercase letter "i" with an acute accent, represented as "í".] is the [image: The symbol "i" represents the imaginary unit, commonly used in mathematics to denote the square root of negative one.]-th evaluation indicator; [image: Please upload an image or provide a URL to receive the appropriate alt text.] is the [image: Please upload the image or provide a URL for it, and I will help create the alt text for you.]-th evaluation year; [image: Mathematical notation displaying the variable \(x_{ij}\), typically representing an element in a matrix or array indexed by \(i\) and \(j\).] is the judgment matrix of size [image: Please upload the image or provide a URL so I can generate the alt text for you.], where [image: Mathematical expression: "i equals 1, 2, and so on," indicating a sequence starting from 1 and continuing indefinitely.] m; [image: Mathematical expression showing \( j = 1, 2, \ldots \) indicating a sequence starting from one and continuing indefinitely.] n; [image: Mathematical notation showing "r" with subscripts "i" and "j" in italic font.] is the normalized value of [image: Mathematical expression with variables \(x\) and subscripts \(i\) and \(j\), likely indicating a matrix or array element.], [image: Please upload the image or provide a URL so I can help create the alt text for it.] is represented as [image: Matrix notation \((r_{ij})_{m \times n}\), indicating a matrix with elements \(r_{ij}\) and dimensions \(m\) by \(n\).].
Second, calculate the information entropy [image: It seems like you mentioned an image, but I can't access it directly. If you upload the image or provide a URL, I can help create the alt text for it.], [image: The formula represents an entropy equation: \( e_j = -k \sum_{i=1}^{m} f_{ij} \ln f_{ij} \).], [image: Mathematical expression showing \( f_{ij} = \frac{r_{ij}}{\sum_{i=1}^{m} r_{ij}} \).] ([image: An equation showing "k equals one over the natural logarithm of m."] is the Boltzmann constant).
Third, determine the weight values [image: The image shows the mathematical notation "W" with a subscript "j".], [image: The formula depicts \( W_j = \frac{1 - e_j}{n - \sum_{j=1}^{n} e_j} \), where \( W_j \) is a function involving \( e_j \), the difference between 1 and \( e_j \), and the sum of \( e_j \) from 1 to \( n \).], [image: \( W_j \in [0, 1] \) indicates that the variable \( W_j \) is within the range from zero to one, inclusive.], and [image: Summation notation showing the sum of variables \( W_j \) from \( j = 1 \) to \( n \) equals one.].
Fourth, construct the weighted normalized decision matrix [image: Matrix equation representing \( Z = (z_{ij})_{m \times n} \) where each element \( z_{ij} \) is calculated as \( W_j \times r_{ij} \).].
Fifth, calculate the positive and negative ideal solutions and perform weighted processing on the normalized indicator values to construct the trend-normalized weighted normalized matrix [image: It seems you might have tried to upload an image, but it did not come through. Please try uploading the image again or describe it for me to help create an alternate text.], where [image: Mathematical notation showing the symbol "Z" with a superscript plus sign, representing the set of positive integers.] represents the positive ideal solution, and [image: Certainly! Please upload the image or provide a URL so I can help you with the alternate text.] represents the negative ideal solution.
[image: Mathematical formula representing a vector \( Z' \) as the set of maximum values \( \max_{1 \le j \le m} z_{ij} \) for \( i = 1, 2, \ldots, m \), equal to \( \{z_1', z_2', \ldots, z_n'\} \).]
[image: Mathematical equation defining a set \( Z = \{ \min_{1 \leq i \leq m} z_{ij} \mid i = 1, 2, \ldots, m \} = \{\bar{z}_{1}, \bar{z}_{2}, \ldots, \bar{z}_{n}\} \). It is labeled as equation (2).]
Sixth, calculate the Euclidean distances to the positive and negative ideal solutions, denoted as [image: Please upload the image or provide a URL so I can create the alt text for you.] and [image: Please upload the image or provide the URL so I can create the appropriate alternate text for you.], respectively, representing the distances of each evaluation scheme to the positive and negative ideal solutions.
[image: Equation showing \( S = \sqrt{\sum_{j=1}^{n}(Z_{ij} - \overline{Z_j})^2} \) where \( i = 1, 2, \ldots, m \). This is labeled as equation (3).]
[image: Mathematical equation showing S equals the square root of the sum from j equals one to n of the squared differences of \(Z_{ij}\) minus \(Z_j\). The index i ranges from one to n. Equation number four.]
Finally, calculate the proximity to the ideal solution [image: The expression shown is a mathematical notational representation, specifically displaying the variable \( C_i \), where \( C \) is likely a constant or variable, and \( i \) is an index or subscript.], where [image: Mathematical formula showing \(C_i = \frac{S_i^+}{S_i^+ + S_i^-}\).]. The proximity [image: Mathematical notation showing a capital letter C followed by a subscript lowercase i, enclosed in parentheses.] indicates the distance of the evaluation object to the positive ideal solution, i.e., the closeness of the evaluation target to the optimal solution, with [image: Mathematical notation showing "C sub i is an element of the closed interval from zero to one."]. Since all selected calculation indicators are inverse indicators, a [image: The image is a mathematical symbol, \( C_i \), often used to represent a specific coefficient or element in a sequence or series.] closer to one indicates that the city’s ecological environment quality is closer to the worst level, while a [image: Lowercase letter "C" followed by a subscript lowercase letter "i", resembling a mathematical notation or variable name.] closer to 0 indicates that the city’s ecological environment quality is closer to the optimal level.
3.1.2 DID model
Based on the Environmental Stress Model (IPAT), experimental and control groups are constructed from demonstration cities and policy implementation timings to test the policy effect of the carbon emission trading mechanism on pollution and carbon reduction. Drawing on the research method of Guo et al. (2024b), by introducing time dummy variables (Time) and city dummy variables (Treat), a Difference-in-Differences model is constructed as follows:
[image: Mathematical equation displaying a linear regression model: \( emission_{it} = \alpha_{0} + \alpha_{1}did_{it} + \alpha_{c}X_{it} + \sigma_t + \delta_i + \epsilon_{it} \). This model relates emissions to specific independent variables and error terms.]
where [image: Italicized word "emission" with a subscript "it" in a light gray color, suggesting a mathematical or scientific notation.] represents the pollution and carbon reduction level of city i in year t. The level of pollution and carbon reduction is characterized by the interaction term of carbon emissions and the environmental pollution index, both of which are inverse indicators. Constructing an interaction term reflects the overall reduction level and exhibits common source characteristics, aligning with the “common source of carbon and pollution” theory and fitting the holistic and systemic nature of pollution and carbon mitigation governance. [image: Italicized text displaying the phrase "did it".] is a dummy variable for the ECRT policy; [image: Mathematical symbol alpha subscript one, 𝛼₁, in italics.] represents the policy effect of ECRT; [image: Stylized text showing a capital letter X followed by a subscript with the letters i and t.] includes control variables; [image: Mathematical symbol representing sigma with a subscript "t".] denotes fixed effects by year; [image: The Greek letter delta subscript i, written in a stylized italic font.] represents city fixed effects; [image: Greek letter epsilon with subscript "i" and "t".] is the random disturbance term. This model effectively controls for characteristic differences and time trends between the experimental and control groups to some extent.
3.1.3 Variable description
3.1.3.1 Explained variable
Pollution and carbon reduction level (emission). Based on the availability of city level pollution and carbon reduction data and existing literature practices, this paper applies the Eqs 1–4 and characterizes the city’s pollution and carbon reduction level utilizing the interaction term of carbon emissions and the environmental pollution index.
3.1.3.2 Explanatory variable
ECRT policy (DID). This variable is a dummy variable, taking a value of one in the year and following years when an ECRT policy is implemented in a city or its province, and 0 otherwise.
3.1.3.3 Control variables
In order to more accurately assess the effect of the ECRT policy on the city’s pollution and carbon reduction levels, this paper controls for other factors that may affect city pollution and carbon emissions. These include city population size (lnpop), represented by the logarithm of the city’s permanent population; economic development level (lngdp), represented by the logarithm of per capita GDP; education level (lnedu), represented by the logarithm of local government education spending; fiscal expenditure (lnpfe), represented by the logarithm of general budgetary expenditures of local finances; and foreign direct investment (fin), represented by the ratio of actual foreign direct investment to GDP.
3.1.3.4 Mechanism variables
The transmission mechanism involves two variables: industrial structure upgrading (ris), indicated by the ratio of the value added of the tertiary sector to the secondary sector; and green technological innovation (patent), represented by per capita patent grants.
This study utilizes panel data from 290 prefecture-level and above cities in China from 2010 to 2021 to appraise the effect of the ECRT policy on urban pollution and carbon reduction. The data are derived from the “China City Statistical Yearbook,” “China Environmental Statistical Yearbook,” and various prefecture-level statistical yearbooks. Descriptive statistics of the variables are demonstrated in Table 1.
TABLE 1 | Descriptive statistics of the variables.
[image: Table displaying statistical data for nine variables: Emission, DID, Lnpop, Lngdp, Lnedu, Lnfep, Fin, Ris, and Patent. Each row shows observations count (3,480), mean, standard deviation, minimum, and maximum values. Emission mean is 0.097, DID is 0.065, Lnpop is 2.548, Lngdp is 7.190, Lnedu is 5.689, Lnfep is 6.454, Fin is 1.007, Ris is 0.960, and Patent is 7.476. Maximum values range from 0.621 for Emission to 307.110 for Patent.]4 EMPIRICAL RESULTS AND ROBUSTNESS TESTS
4.1 Baseline regression
The baseline regression results based on Eq. 5, as displayed in Table 2, assess the effect of the ECRT policy on pollution and carbon reduction. Column (1), controlling only for individual and year-fixed effects, demonstrates an interaction coefficient of −0.026, significant at the 1% level. Columns (2) to (7) add control variables sequentially to Column (1)’s model. After accounting for other factors, the core explanatory variable DID consistently demonstrates a significant negative coefficient, indicating a robust incentivizing effect of the ECRT policy on local pollution and carbon reduction, thereby enhancing environmental welfare for local residents. Therefore, Hypothesis H1 is confirmed.
TABLE 2 | Baseline regression results.
[image: A table displaying regression results with columns labeled (1) to (7) and rows for variables like DID, Lnpop, Lngdp, and more. Coefficients and robust standard errors are provided. Statistical significance is indicated by asterisks: * for p < 0.10, ** for p < 0.05, and *** for p < 0.01. Observations (Obs) total 3,480 across all models, with R-squared values ranging from 0.014 to 0.282. Both Id-fixed and Year-fixed effects are applied in all columns.]Moreover, coefficients for permanent population and economic development level are significantly positive, suggesting that higher economic levels and larger populations increase carbon dioxide emissions. Conversely, coefficients for educational financial support, local fiscal support, and openness are significantly negative, indicating that increased educational and fiscal expenditures, along with greater openness, contribute to reducing carbon emissions and enhancing environmental conditions.
4.2 Parallel trend test
A fundamental prerequisite for employing the Difference-in-Differences approach is satisfying the parallel trends assumption. This involves that, prior to the implementation of the ECRT policy, the experimental and control groups' urban pollution and carbon reduction levels must follow the same temporal trends. Following the methodology of Bi et al. (2019), an event study model is constructed as follows:
[image: Mathematical equation representing emissions as a function of several variables: alpha sub zero plus the sum of alpha sub k times did sub k from k equals two to N minus one, plus alpha L did sub L star, plus alpha C times X sub it, plus sigma r, plus delta t, plus epsilon it, labeled as equation six.]
where [image: Please upload the image or provide a URL so I can assist you with creating the alternate text.] represents the city, and [image: Please upload the image so I can create the alternate text for it.] denotes the year; [image: Mathematical expression showing "d over dx" of "it", denoting differentiation with respect to x.] expresses a dummy variable representing the “event” of implementing the ECRT policy. The assignment rule for [image: Italicized mathematical expression with subscript: "did to the power of k" over "it".] is as follows: let [image: The image shows the mathematical notation for the variable \( u_i \), representing an element of a sequence or vector indexed by \( i \).] denote the policy implementation time point of the ECRT policy. If [image: Equation with variables t and u sub i set to equal k.], then [image: Mathematical equation with variables: \(di{d}_{it}^{k} = 1\).]; otherwise, [image: Mathematical expression: \( \text{did}_{it}^k = 0 \).]. The setting of [image: Please upload the image or provide a URL so I can create the alt text for it.] is as follows: since the year of implementation is the 0th period, and the first batch was established in 2017, 2021 marks the fourth year of the pilot area’s establishment, hence the maximum value of [image: Please upload the image or provide a URL so I can create the alt text for you.] in Eq. 6 is four; periods prior to the implementation of the ECRT policy extend back seven periods, but due to graphical limitations, this paper consolidates the 5th, 6th, and 7th years before the pilot into the fourth year prior, and the 2nd year before the pilot is utilized as the base period to avoid multicollinearity, thus Eq. 6 does not include the dummy variable for [image: It seems like there's an issue with the image upload. Please try uploading the image file again, or provide a URL where the image can be accessed. Additionally, you can add a caption for more context.]. The coefficient [image: The Greek letter alpha with a subscript k in a mathematical expression.] reflects the effect of the energy rights system before and after its implementation on the city’s pollution and carbon reduction levels. If [image: The image shows a mathematical inequality: \(k < 0\), indicating that the variable \(k\) is less than zero.], the parameter [image: Lowercase Greek letter alpha followed by a subscript lowercase letter k.] is not significantly different from 0, indicating that it has passed the parallel trend test, as depicted in Figure 2.
[image: Line graph showing coefficients over policy time from -3 to 4, with error bars. The coefficient decreases from near zero at -3, reaching around -0.06 at 0, then slightly increasing but remaining negative until 4.]FIGURE 2 | Parallel trend test graph.
In Figure 2, the horizontal axis represents the number of years before and after the establishment of the ECRT policy, and the vertical axis represents the level of urban pollution and carbon reduction. It is evident that before the implementation of the energy rights system, the estimated values of [image: Greek letter alpha with subscript k.] do not reject the null hypothesis of being zero, satisfying the parallel trends test. The regression coefficients after the implementation of the energy rights system indicate that cities implementing this policy experienced an immediate improvement in pollution and carbon reduction levels.
4.3 Analysis based on the PSM-DID method
Another prerequisite for utilizing the Difference-in-Differences approach is that the selection of experimental and control groups must satisfy the randomness assumption. This paper uses control variables as covariates and employs the Mahalanobis distance matching method to match samples of the experimental and control groups, thus reducing selection bias. Specifically, a Logit regression of the policy dummy variable on control variables is conducted to obtain propensity score matching values, with cities having similar scores as the control group. After obtaining matched experimental and control groups, it is necessary to test whether they satisfy the common support assumption, i.e., whether there are significant differences between the groups post-matching. The absence of significant differences in the test results post-matching confirms the effectiveness of the PSM-DID method employed in this study.
Meanwhile, the study evaluates the matching effect of the experimental and control groups through the probability density function graph of the propensity scores. The probability density distributions of the propensity scores for the matched experimental and control groups are closer post-matching compared to pre-matching, indicating a good matching effect.
After verifying the reliability of the PSM-DID method, further regression analysis is conducted, with results demonstrated in Table 3. Similar to the baseline regression results, the mean regression coefficients of the policy dummy variable are significantly negative, indicating that the implementation of the ECRT policy has a reducing effect on urban pollution and carbon emissions, thereby confirming the robustness of the baseline regression results.
TABLE 3 | PSM—DID regression results.
[image: Table showing regression results for two models with variables including DID, Obs, R-squared, Controls, Id-fixed, and Year-fixed. Model (1) shows DID as -0.026 with R² of 0.014, while Model (2) shows DID as -0.035 with R² of 0.278. Both models have 3,480 observations and use fixed effects for identifiers and years. Model (2) includes controls. Significance levels are indicated with stars for p-values.]4.4 Robustness tests
4.4.1 Placebo test
This study adopts the analytical approach of Yang et al. (2019) by conducting a placebo test as follows: Firstly, 55 cities are randomly selected from a total of 290 as a “pseudo-experimental group,” assuming these cities have implemented the ECRT policy, with the remaining cities as the control group. Then, a random year is selected for the “pseudo-experimental group” as the policy year (pseudo policy time), and a “pseudo policy dummy variable” (interaction term) is created for regression analysis. This process is repeated 500 times, yielding 500 regression results, including regression coefficients, standard errors, and p-values for the “pseudo policy dummy variable.” The distribution of the estimated coefficients is then plotted to appraise whether factors other than the ECRT policy significantly affect the cities' pollution and carbon reduction levels. As illustrated in Figure 3, the estimated coefficients from random grouping are primarily distributed around zero, significantly differing from the true coefficients, with most p-values exceeding 0.1. This indicates that the implementation of the ECRT policy has no significant effect on the randomly selected experimental group, further confirming the robustness and reliability of the research findings.
[image: Scatter plot with red dots showing the relationship between coefficients and p-values. A bell-shaped curve overlays the data, indicating the density of estimates. Vertical and horizontal axes are labeled with values and titles.]FIGURE 3 | Placebo test.
4.4.2 Exclusion of other policies’ effects
The introduction of other policies may also affect urban pollution and carbon reduction levels. Specifically, the low-carbon city pilot policy and the carbon trading policy, implemented around the same period, could potentially affect pollution and carbon reduction. The low-carbon city pilot policy was officially implemented starting July 2010, with following phases launched in November 2012 and January 2017. This policy advocates for industrial restructuring and energy consumption reduction to achieve “dual carbon” objectives and control total carbon emissions. Accordingly, a corresponding policy dummy variable, DID1, is established: for demonstration cities, the year of the pilot and following years are set to 1, while other years are set to 0. Besides, in 2011, China initiated the construction of a carbon emissions trading market, designating Shenzhen, Beijing, Shanghai, Tianjin, Guangdong, Hubei, Chongqing, and Fujian as carbon trading pilot regions. Enterprises can buy and sell additional carbon emission rights based on production and operational needs, offering a new pathway for corporate carbon reduction. The policy implementation nodes for this are set in 2011 and 2017, with a corresponding dummy variable, DID2, established. The energy-saving and emission reduction measures adopted by the low-carbon city pilot policy and the carbon trading policy have a certain effect on pollution and carbon reduction, suggesting that the effect of the ECRT policy on pollution and carbon reduction levels in pilot areas may have been overestimated.
To eliminate interference from two other policies, dummy variables DID1 and DID2 are incorporated into the baseline regression model. The regression results, as presented in Table 4, indicate that both the low-carbon city pilot policy and the carbon trading policy significantly affect urban pollution and carbon reduction levels. Even under these conditions, the regression coefficient of the policy dummy variable for the establishment of the ECRT policy remains significantly negative and virtually unchanged. This finding suggests that the pollution reduction attributed to the ECRT policy has not been overestimated.
TABLE 4 | Robustness test excluding other policies’ interference.
[image: Regression table showing three models with variables: DID, DID1, DID2, and Con. Coefficients and standard errors are listed: DID (-0.038, -0.035, -0.038), DID1 (-0.016, -0.013), DID2 (-0.016, -0.007), Con (-0.051, -0.041, -0.057). Observations total 3,480 for each model, with R-squared values of 0.291, 0.285, and 0.292. All models include controls, and both ID-fixed and year-fixed effects are accounted for. Statistical significance is indicated by asterisks: one for p < 0.10, two for p < 0.05, and three for p < 0.01.]4.4.3 Policy exogeneity
The multi-period Difference-in-Differences model requires that the experimental and control groups could not have formed effective expectations prior to the policy implementation, necessitating the assurance of policy exogeneity. Therefore, the regression equation includes a dummy variable for the 3 years prior to the implementation of the ECRT policy (i.e., 2014), with results presented in Table 6. The regression results, after including control variables and controlling for city-fixed effects and year-fixed effects, exhibit that the core explanatory variable’s coefficient remains significantly negative, while the coefficient for 2014 is not significant, indicating the absence of anticipatory effects.
4.4.4 Substitution of the explained variable
Following existing literature practices, the baseline regression previously utilized an interaction term of carbon emissions and the environmental pollution index to measure the city’s pollution and carbon reduction levels. Industrial sulfur dioxide is also a significant contributor to urban pollution. This paper substitutes industrial sulfur dioxide (lnso2) as the dependent variable in the baseline regression for a robustness test, with results demonstrated in Table 5. The inclusion of control variables results in a significantly negative coefficient for the policy dummy variable, further demonstrating the relative robustness of the previous findings.
TABLE 5 | Other robustness tests.
[image: A regression table showing results from three tests: Anticipatory Effects Test, Substitution of the Explained Variable, and Exclusion of Central Cities. Each test lists coefficients for variables DID and Con with standard errors in parentheses, number of observations (3,480), R² values (0.278, 0.087, 0.313 respectively), and indicators for Id-fixed and Year-fixed effects, all marked as YES. Significance levels are noted, with symbols *** for p < 0.01, ** for p < 0.05, and * for p < 0.10.]4.4.5 Exclusion of central cities
The sample data in this study includes 290 cities, including ordinary prefecture-level cities as well as provincial capitals, sub-provincial cities, and municipalities directly under the central government. The behavioral patterns of local governments in cities of different administrative levels may vary significantly, and higher-level cities control more resources than ordinary cities, potentially leading to biases when regressing all cities together. Therefore, this paper excludes samples from provincial capitals, sub-provincial cities, and municipalities directly under the central government, retaining only ordinary prefecture-level cities for regression. The results, also demonstrated in Table 5, indicate that after excluding central cities, the implementation of the ECRT policy continues to significantly reduce urban pollution intensity and carbon emissions, further verifying the robustness of the aforementioned conclusions.
5 FURTHER TESTS
5.1 Heterogeneity tests
5.1.1 Regional heterogeneity test
Given the geographical diversity and economic disparities across provinces in China, this study divides the 30 provinces into two sub-samples: Eastern and Central-Western regions. It then conducts regression analyses to assess the effect of the ECRT policy on urban pollution and carbon reduction levels in these regions. The heterogeneity test results, as presented in Table 6, indicate that the policy dummy variable’s coefficient is positive and not significant in column 1), but significantly negative in column 2). This indicates that the ECRT policy has a significant effect on reducing carbon dioxide emissions and improving environmental pollution in the Central-Western regions of China, but not in the Eastern regions. This discrepancy can be attributed to the more advanced industrial transformation and ecological management systems in the Eastern regions, which have already achieved success, rendering the effect of the ECRT policy less significant there. In contrast, the Central and Western regions are still in the early stages of industrial transformation, with heavy industry playing a dominant role in their industrial structures. The ongoing severe resource depletion and environmental pollution in these regions make enhancing the ecological environment a pressing issue, hence the more significant policy effects of the ECRT policy.
TABLE 6 | Regional heterogeneity test.
[image: Table comparing two regions, Eastern and Central-Western, using several variables. For DID, Eastern has 0.002 (0.004) and Central-Western has -0.021*** (0.003). For Con, Eastern has 0.022 (0.072) and Central-Western 0.010 (0.117). Both regions have 3,480 observations. R-squared is 0.870 for Eastern and 0.696 for Central-Western. Controls, Id-fixed, and Year-fixed are marked as YES for both. Note indicates significance levels: *p < 0.10, **p < 0.05, ***p < 0.01, with standard errors in parentheses.]5.1.2 City level heterogeneity test
The scale and classification of cities might also influence the pollution reduction effects observed in the experimental groups. On one hand, compared to ordinary cities, core cities have significant advantages in terms of industrial structure, government financial input, and transportation levels. These advantages enable core cities to effectively allocate resources through economic agglomeration effects, thereby better addressing environmental pollution issues. On the other hand, core cities carry more functions and have a stronger demand for energy consumption, necessitating the use of significant land resources, which can lead to congestion effects and exacerbate environmental pollution. Therefore, based on the “Notice on Adjusting Urban Scale Division Standards” issued by the Chinese government in 2014, this study categorizes the experimental and control groups into core cities and ordinary cities. Core cities include municipalities directly under the central government, provincial capitals, separately planned cities, and special economic zone cities, while ordinary cities comprise all other cities. The regression results in Table 7 indicate that, compared to ordinary cities, core cities experience a stronger pollution and carbon reduction effect under the ECRT policy. This conclusion suggests that as China continues to establish and optimize its environmental regulatory policies, the governance models of core cities are transforming, which is expected to further alleviate the congestion effects faced during their development.
TABLE 7 | City Level heterogeneity test.
[image: Table comparing two models, Core and Ordinary, with variables: DID (-0.010, 0.002 for Core; 0.015, 0.015 for Ordinary), Con (-0.043, 0.071 for Core; -0.078, 0.117 for Ordinary). Observations, 3,480 for both. R-squared: 0.869 for Core, 0.868 for Ordinary. Controls, Id-fixed, and Year-fixed are all marked YES. Note indicates significance levels: *p < 0.10, **p < 0.05, ***p < 0.01, with robust standard errors in parentheses.]5.1.3 Urban resource endowment heterogeneity
To explore the differential effects of the ECRT policy on resource-based and non-resource-based cities under varying resource endowments, this study refers to the “National Sustainable Development Plan for Resource-based Cities (2013–2020)” issued by the Chinese government in 2013. Based on the resource endowments of the cities, the 290 cities selected for this study are categorized into 114 resource-based cities and 176 non-resource-based cities. The regression results in Table 8 indicate that the ECRT policy’s pilot in resource-based cities has a more significant effect on pollution and carbon reduction. This may be attributed to the relatively homogenous industrial structure of resource-based cities, primarily characterized by labor-intensive and capital-intensive industries with high carbon emissions and pollution levels. The ECRT policy facilitates the flow of innovative elements in resource-based cities, accelerating the transformation and upgrading of industrial structures through the spillover of low-carbon production technologies, thereby promoting industrial low-carbon development and enhancing the capacity for pollution and carbon reduction in these cities.
TABLE 8 | Urban resource endowment heterogeneity test.
[image: Table comparing two groups: Non-Resource-Based and Resource-Based. For DID: 0.008 (0.007) vs. -0.039*** (0.002). For Con: 0.005 (0.119) vs. -0.266*** (0.008). Observations are 3,480 for both. R² is 0.867 vs. 0.307. Controls, Id-fixed, and Year-fixed are marked Yes for both. Note: Significance levels indicated by asterisks, and robust standard errors are in parentheses.]5.2 Mechanism analysis
Previous results indicate that the ECRT policy significantly reduces urban pollution levels and carbon emissions. The development of the ECRT policy can impact urban pollution and carbon reduction through two channels: upgrading industrial structures and cultivating green technological innovation. Therefore, a transmission effect model is constructed as follows.
	Step One: appraise the effect of the implementation of the ECRT policy on the mechanism variables:

[image: Mathematical equation displaying a linear regression model: \(mce_{it} = \alpha_{0} + \alpha_{1} did_{it} + \alpha X_{it} + \sigma_{t} + \delta_{i} + \epsilon_{it}\), represented as equation (7).]
	Step Two: Assess the effect of the mechanism variables on urban pollution and carbon reduction levels:

[image: Equation depicting a statistical model: \( \text{emission}_{it} = \beta_0 + \beta_1 \text{mech}_{it} + \beta_2 X_{it} + \sigma_t + \delta_i + \epsilon_{it} \) labeled as equation 8.]
where [image: Text appears in italics displaying "mech" with subscript "it".] represents the mechanism variables, with other variables defined as in Eq. 5. The implementation of the ECRT policy primarily enhances the city’s capacity for pollution and carbon reduction by promoting industrial structure upgrading and green technology innovation.
The paper conducts mechanism analysis according to Eqs 7, 8. Table 9 reports the results of the influencing mechanisms of the ECRT policy on urban pollution and carbon reduction levels: The ECRT policy reduces urban pollution levels by promoting industrial structure upgrading and cultivating green technological innovation, thereby optimizing the capacity for pollution and carbon reduction. Hypothesis H2 and H3 are confirmed.
TABLE 9 | Mechanism analysis.
[image: Table shows regression results for industrial structure upgrading and green technology innovation. Columns display variables: DID, Ris, and Patent across categories: Ris, Emission, Patent, and Emission, with values and significance levels noted. Observations, R² values, and presence of controls, id-fixed, and year-fixed effects are included. Significance levels are indicated by asterisks, with a note explaining p-value thresholds.]6 DISCUSSION
The implementation of the energy use rights trading scheme in China stands as a significant measure taken towards ecological advancement and green development, carrying substantial weight in curtailing energy consumption and emissions, cultivating clean energy development, and propelling economic transformation and upgrading. Studies have demonstrated a significant improvement in pollution and carbon reduction in pilot cities as a direct result of this system, confirming its positive environmental impact. However, research indicates that the improvement in pollution and carbon reduction in these pilot cities only saw a modest increase of 0.034 units, suggesting that the energy use rights trading scheme has not comprehensively enhanced pollution and carbon reduction at the individual prefecture-level city, and its efficacy may not be universally applicable. Several factors could contribute to this limited impact. 1) While China’s adoption of an energy use rights trading scheme signals a clear commitment to ecological progress, the system remains in its early stages and has not benefited from the full force of policy and financial backing thus far, which has limited its effectiveness. 2) There appear significant gaps in the supplementary measures and policy support across different pilot regions. For instance, Fujian province has, since 2017, continuously introduced implementation documents for the ECRT policy. These documents have outlined quota allocation plans, providing a legal framework for the scheme. In contrast, the current design of the ECRT policy in Henan province primarily focuses on enterprise compliance, aiming to achieve the province’s total energy consumption control targets through market mechanisms, resulting in insufficient market vibrancy. 3) Variations in geographical location, city level, and resource endowment across cities have led to discrepancies in the effectiveness of the energy use rights trading scheme. These gaps could lead to significant differences in the environmental benefits the system brings to different prefecture-level cities.
A mechanistic analysis reveals that cities primarily enhance their level of pollution and carbon reduction through industrial structures upgrading and green technological innovation. Enhanced green technology innovation enables enterprises to implement cleaner production practices, thereby improving urban environmental performance. Moreover, technological innovation represents a fundamental driving force for optimizing and upgrading industrial structures. By optimizing the allocation of energy and resources, industrial structural upgrading can effectively reduce energy consumption.
Heterogeneity analysis reveals that the pollution and carbon reduction levels of cities in central and western China, core cities, and resource-based cities are more significantly influenced by the energy rights trading system. This could be attributed to the fact that eastern regions have relatively mature industrial transformation, upgrading, and ecological environment governance systems, leading to certain achievements. In contrast, central and western regions remain in early phases of industrial transformation and upgrading. The development model dominated by heavy industries still holds a prominent position in their industrial structure, and resource depletion and environmental pollution remain serious concerns. Therefore, the policy effects are more significant in central and western regions. Compared to ordinary cities, core cities possess more comprehensive infrastructure, a more rational industrial layout, and abundant government financial support, providing fertile ground for developing the ECRT policy. On the other hand, ordinary cities have relatively insufficient policy support, and their high-energy-consuming industries are not sensitive to market incentives. Therefore, the impact of the ECRT policy is less significant in ordinary cities compared to core cities. In comparison to non-resource-based cities, resource-based cities in China have richer natural resource endowments but face long-term challenges such as a single industrial structure and high dependence on fossil fuels. The economic development of resource-based cities relies more on resource development and utilization, and related industries often exhibit characteristics of high energy consumption and high emissions, resulting in relatively high energy conservation and emission reduction potential. This renders the ECRT policy more effective in enhancing carbon emission efficiency. The economic development of non-resource-based cities relies more on service industries, manufacturing, and technological innovation. These industries have higher energy utilization efficiency and relatively lower energy conservation and emission reduction potential. However, the ECRT policy can still significantly enhance urban carbon emission efficiency by upgrading industrial structures, cultivating green technology innovation, and facilitating industrial structure upgrading.
In contrast to previous studies (Guo et al., 2023b; Guo et al., 2024c; Feng et al., 2024) that relied on traditional statistical methods, this study leverages panel data from pilot regions to shed lights on the relationship between energy rights trading schemes and urban pollution and carbon reduction initiatives. Addressing the limitations of existing literature (Yang et al., 2023; Hu et al., 2024; Jia et al., 2024; Qiu et al., 2024), this research optimizes the evaluation index system for pollution and carbon reduction at the prefecture-level city. This comprehensive system consists of four key aspects of pollutant emissions: general industrial solid waste generation, carbon dioxide emissions from exhaust gases, total wastewater discharge, and overall carbon emissions.
7 CONCLUSION AND RECOMMENDATIONS
This study utilizes panel data including 290 Chinese cities from 2010 to 2021, employing an advanced entropy weight-TOPSIS model to quantify environmental pollution indices. The implementation of the ECRT policy represents a “quasi-natural experiment,” with the DID model facilitating empirical analysis. Findings demonstrate that the ECRT policy effectively mitigates urban environmental pollution and carbon emissions. While low-carbon city pilot policies and carbon trading policies also contribute to pollution reduction and decarbonization, robustness tests confirm that the effect of the ECRT policy is not overstated. Heterogeneity studies indicate a more significant effect of the ECRT policy on pollution reduction and emission control in central and western regions compared to the eastern regions. Besides, core cities can leverage the ECRT policy to reduce congestion effects, significantly alleviating pollution emissions. Resource-rich cities, specifically, can enhance the pollution reduction effects of the ECRT policy. Mechanism tests illustrate that the ECRT policy reduces energy intensity, thereby effectively enhancing urban pollution reduction and decarbonization capabilities.
Based on these conclusions, the following policy recommendations are proposed:
Firstly, accelerate the advancement and optimization of China’s ECRT market infrastructure. Observations from demonstration cities indicate a synergistic effect of market-incentive-based ECRT policy in reducing carbon emissions and environmental pollutants, achieving coordinated enhancement in pollution reduction and decarbonization. These experiences could be disseminated to other industries and fields, exploring and establishing markets for energy rights, emission rights, and other resource-environmental rights, thereby realizing coordinated governance levels and maximizing environmental management objectives.
Secondly, promote the transformation and upgrading of the energy consumption structure. Mechanism action tests demonstrate that the synergistic effect of the ECRT policy on pollution reduction and decarbonization is driven by cultivating green technological innovation and industrial structure upgrading. Therefore, it is crucial to widely promote green energy-saving emission reduction technologies, clean and efficient processes, and accelerate the transition from traditional to emerging, zero-carbon energies in industrial development. Besides, China needs to expedite the transformation and upgrading of industrial structures, transform traditional high-energy-consuming industries, continuously promote the efficient operation of green industrial projects, and consistently enhance regional green development levels.
Thirdly, coordinated governance of pollution reduction and decarbonization necessitates localization. Empirical results and heterogeneity analysis indicate regional imbalances in China’s coordinated governance level of pollution reduction and decarbonization. Environmental pollution management should be tailored to regional economic levels and developmental disparities, exploring locally suitable economic development policies and measures, thereby achieving regional environmental management goals while enhancing coordinated efficiency in pollution reduction and decarbonization.
8 LIMITATIONS AND FUTURE PROSPECTS
This study is not without several limitations attributable to data availability and methodological limitations. 1) The findings of this study are based on a Chinese dataset. Future research should explore data sources from other emerging economies to assess the validity and generalizability of these conclusions. 2) This study primarily focuses on the mediating effects of green technology innovation and industrial structure upgrading on the pollution and carbon reduction at the prefecture-level city. However, other potential influencing factors, such as government support and corporate environmental performance, were not included. This might impact the comprehensiveness of the analysis. Future studies should consider incorporating these factors to enrich the current findings. 3) The emissions trading scheme remains in its early phrases of development, resulting in a scarcity of relevant indicators. The effectiveness of emissions trading systems is significantly influenced by market maturity. Future research should study how market forces affect corporate environmental performance and evaluate the impact of the emissions trading market size on urban pollution and carbon reduction efforts.
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Cities are the core carriers and key positions to achieve the dual carbon goals. It is of great significance to explore whether promoting urbanization can improve carbon emission performance, which is of great significance to comprehensively promote the goal of carbon neutrality. Based on the panel data from 2006 to 2021, this paper analyzes the spatial autocorrelation of carbon emission performance per unit space and the impact mechanism of urbanization process on it. The fixed-effect model was further used to identify the influencing factors of spatial carbon emission performance. The results show that: 1) China’s carbon emission performance per unit space is declining year by year. 2) There is a strong positive spatial correlation and stable path dependence on the performance of carbon emissions per unit space in each region. 3) To a certain extent, increasing the level of urbanization will reduce the carbon emission performance per unit space. 4) The urbanization process has a spatial spillover effect on the carbon emission performance per unit space of surrounding provinces, and the spatial spillover effect of industrial structure and energy consumption structure is more obvious than that of economic level, population density and urbanization rate. Based on the conclusions, this paper puts forward specific policy suggestions to reduce the carbon emission performance per unit space to help the low-carbon development of cities.
Keywords: urbanization, carbon emissions, carbon performance, spatial Dubin model, spatial spillover environment performance

1 INTRODUCTION
With the acceleration of urbanization and the increasing population on a global scale, regional development is facing more and more challenges, one of which is environmental problems. Studies have shown that cities are the main source of the highest energy consumption and greenhouse gas emissions. The process of urbanization is directly related to environmental indicators such as urban land use efficiency, traffic congestion, energy consumption and carbon emissions (Ishii et al., 2009). In 2020, China put forward the goal of carbon peak and carbon neutrality, that is, China is committed to achieving carbon emission peak before 2030 and carbon neutrality before 2060 (Zhuang, 2021). As an important indicator of urban planning and management, urbanization plays an important role in the sustainable development and environmental protection of cities and regions. Therefore, building low-carbon cities has become an inevitable choice for China to embrace climate change and promote the development of a low-carbon economy.
At present, the discussion on carbon emissions mainly focuses on the influencing factors of carbon emissions (Song and Lu, 2009; Lin and Liu, 2010; Chen et al., 2014), characteristics (Hu et al., 2008), and estimation methods (Feng, 2011; Wang, 2012; Jing et al., 2019), among which carbon emission performance has become the focus of the discussion. Liu Guoping (Liu and Zhu, 2013) proposed that carbon emission welfare performance is the economic and social welfare output per unit of carbon emissions based on the ecological welfare performance theory and the steady-state economic theory of Herman Daly (Daly, 1974). Yan Wentao et al. further expanded carbon performance into energy utilization performance, air environment performance, water environment performance, biodiversity performance, and soil environmental performance. It is also applied to the study of environmental performance, root causes of environmental problems, and optimal spatial structure (Yan et al., 2012). Hua Jian et al. define carbon emission performance as two meanings based on reality and expectation. Reality: Carbon performance refers to the ratio between the actual expected output per unit of carbon emissions and the expected output of the optimal production technology. Expectation: Carbon emission performance is the ratio of the theoretical carbon emission boundary to the actual carbon emission (Hua et al., 2013).
Studies have shown that about 50% of CO2 emissions from residential transportation can be attributed to urban morphological factors such as urban form, land structure, building type, and transportation network, and urbanization has a non-negligible impact on carbon emissions (Zuo et al., 2022). Based on the quantitative relationship between urban spatial form and carbon emissions, Ewing pointed out that urban spatial structure indirectly affects residents’ emissions through intermediate factors (Ewing and Rong, 2008). Ou et al. analyzed the relationship between carbon emissions and spatial structure and morphology, and showed that single-center cities have higher LPIs and are more prone to congestion and high carbon emissions (Ou et al., 2013). Zahabi, et al. showed that improving the urbanization process and land use mix can reduce greenhouse gas emissions (Zahabi et al., 2012). Hilber et al. pointed out that increasing population density and increasing the number of automobiles can lead to a proportional decrease in CO2 emissions (Hilber and Palmer, 2014). In fact, carbon emissions are not only affected by the local urbanization process, but also by the spatial spillover effects brought by the surrounding areas. Du Huibin pointed out that China’s regional carbon emission performance shows an obvious regional cluster phenomenon, and there is a strong spatial positive correlation (Du et al., 2013).
The above studies focus on the impact and mechanism of local urbanization on carbon emissions, but lack of in-depth discussion on spatial externalities. There is still insufficient research on the positive and negative effects of regional spillover on carbon emissions. The central problem of Spatial Economics is to explain the agglomeration of economic activities in geographic space (Liang, 2005). Ecological Geography the laws and mechanisms of the relationship between various components of the ecosystem and the geospatial distribution pattern of ecological processes (Fu and Fu, 2019). In order to introduce the land scale factor, this paper proposes the carbon emission performance per unit space from the perspective of Spatial Economics and Ecological Geography, and defines it as the ratio of carbon emissions or environmental load to GDP within a certain spatial range. At the same time, the positive effects of economic and welfare output per unit of carbon emissions and the negative effects of environmental load per unit space are considered, and the relationship between land resource input and environmental impact targets is studied. It includes the control of the scale of carbon emissions in a certain space, as well as the restrictions on resource input and emission output intensity targets, which more comprehensively reflects the dimensions and complexity of carbon emission performance. Based on the theory of ecological economics and the perspective of spatial interaction, the Spatial Dubin Model is constructed by using econometric methods to study the logical relationship between urbanization process and carbon emission performance per unit space. At the same time, this paper explores the impact mechanism of spatial spillover effects between regions on the carbon emission performance per unit space, aiming to put forward spatial planning and policy suggestions for regional environmental constraint indicators, help China achieve the dual carbon goals in an orderly and efficient manner, promote the coordination of economy, society and environment, and achieve sustainable development.
2 RESEARCH HYPOTHESIS
2.1 Hypothesis 1: The impact of urbanization on spatial carbon emission performance
The impact of urbanization on the performance of carbon emissions per unit space mainly comes from the changes and fluctuations in economy, population, energy, and industrial structure (Li and Zhou, 2012; Sun et al., 2013; Shen et al., 2023). Both the theory of ecological modernization and the theory of urban environmental transformation believe that with the evolution of urban development, the quality of urban environment will deteriorate first and then improve (Zhang et al., 2016). The growth of GDP is usually accompanied by an increase in energy consumption, including an increase in energy demand for industrial production, transportation, and residential life. The consumption of these energy sources is often accompanied by large amounts of greenhouse gas emissions, especially carbon dioxide. However, when the level of economic agglomeration and urbanization reach a certain threshold, it will show the dual effects of energy conservation and emission reduction at the same time, and can have a direct impact on carbon emissions through various positive externalities (Shao et al., 2019). With the improvement of economic level and technical level, the industrial production mode has undergone intelligent changes. Under the process of urbanization, changes in residents’ lifestyles, such as the increase in the level of electrification, have a certain negative impact on the performance of spatial carbon emissions. That is, it can reduce the level of carbon emission performance per unit space. At the same time, the development of China’s three industries also has a certain impact on carbon emissions. An increase in the number of employees and capital stock in the primary and tertiary sectors leads to a reduction in carbon emissions. The GDP, capital stock, and employees of the secondary industry have a positive effect on carbon emissions (Zheng and Liu, 2011), so reducing the proportion of the secondary industry structure can effectively reduce the carbon emission performance level of urban space.
However, Population growth will lead to an increase in greenhouse gas emissions, on the one hand, a large total population will increase the demand for energy, which in turn will lead to more and more greenhouse gas emissions from energy consumption. On the other hand, the population is growing rapidly, the supply of existing resources is likely to exceed demand, the environment such as forests are destroyed, and the use of land is changing, resulting in an increase in carbon dioxide emissions (Zhu et al., 2010). With the evolution of urbanization, changes in energy consumption structure, the spread of urban civilization and the improvement of technological level will have a restraining effect on carbon emissions. However, China’s coal-dominated energy consumption structure makes coal account for a major share of energy consumption. Even if the energy structure is changed through energy substitution, it is mainly the substitution of oil for coal. The proportion of non-fossil energy use is still low, and oil is a carbonaceous fossil fuel second only to coal, and still has a high level of carbon emissions (Sun, 2010). Therefore, with the advancement of urbanization, the growth of population density and the adjustment of energy structure will still increase the overall carbon emission level, which will have a positive impact on the carbon emission performance level per unit space.
Hypothesis. H1: Increasing the level of urbanization to a certain extent will reduce the carbon emission performance per unit space. Specifically, economic level, industrial structure, and urbanization rate have a negative impact on the carbon emission performance per unit space, while population density and energy consumption structure have a positive impact on the carbon emission performance per unit space.
2.2 Hypothesis 2: Spatial spillover effects of urbanization on spatial carbon emission performance
Carbon emissions are not only affected by the local urbanization process, but also by the spatial spillover effect brought by the surrounding areas. Adjacent areas have similar cultural environments, social conditions, and economic levels. The frequent flow of transportation, population, technology, etc., creates an agglomeration effect between regions, resulting in interactions. In this process, carbon emissions will be diffused and transferred to the surrounding areas along with the atmospheric circulation and various production activities, which may cause transboundary pollution.
Hypothesis. H2: There is a spatial spillover effect on the carbon emission performance per unit space of neighboring provinces in the process of urbanization. The theoretical block diagram of the impact of urbanization on carbon emission performance per unit space is shown in Figure 1.
[image: Flowchart illustrating the impact of urbanization on carbon emissions. It shows urbanization factors like economic level, population density, and industrial structure affecting carbon emissions directly and through spatial spillover effects. Effects include carbon emission performance per unit space of the province and its spatial relevance to other provinces, considering regions of close geographical distance and economically similar regions.]FIGURE 1 | Theoretical framework of the impact of urbanization on carbon emission performance per unit space.
3 METHODS AND DATA
3.1 Methods
3.1.1 Space carbon performance
Using the carbon emission performance per unit space as the explanatory variable, the carbon emission is combined with GDP and built-up area, and the carbon emission effect of the city in the whole geographical space is considered, and the sustainability performance of different regions is compared. The provincial carbon emission data is derived from the Carbon Emission Accounts and Datasets (CEADs). The formula is as follows:
[image: Equation showing the equivalence of sums: \( CE = \sum_{k=1}^{n} C_k = \sum_{i=1}^{n} AD_i \times EF_i \), labeled as equation (1).]
Where: CE is the total carbon emissions, Ck is the carbon emissions of fossil fuels, n is the type of fossil energy, ADi refers to the consumption of fossil fuels, and EFi is the emission coefficient of the fuel.
The formula for carbon emission performance per unit space is as follows:
[image: Equation depicting carbon emissions per unit area, represented as Q(CO₂)ᵢ,ⱼ = CEᵢ,ⱼ / GDPᵢ,ⱼ / BUAᵢ,ⱼ. It involves three variables: carbon emissions (CE), gross domestic product (GDP), and built-up area (BUA).]
where: Q(CO2)i,t represents the carbon emission performance per unit space of province i in year t, CEi,t represents the carbon emission of province i in year t, GDPi,t denotes the GDP of province i in year t, BUAi,t denotes the built-up area of province i in year t.
In this paper, the regression imputation method is used to deal with the missing values of the intermediate years. The average growth rate combined with adjacent time points was used to fill in the missing values of the years at both ends to improve the integrity and reliability of the data (Jin, 2001). Due to the differences in regional factors, historical development, industrialization and urbanization processes, if carbon emissions are only used as the explanatory variables, the error of the research results is large, and the conclusions do not have realistic reference value. In order to facilitate the study of the inter-regional carbon emission impact mechanism and draw the conclusion of effective emission reduction, the carbon emission performance per unit space was selected as the explanatory variable.
3.1.2 Estimation of urbanization progress
In this paper, economic level, population density, industrial structure, energy consumption structure, and urbanization rate are used as the criteria for measuring the urbanization process (Gan et al., 2011; Li et al., 2016; Shao et al., 2022). The definitions of indicators are shown in Table 1.
TABLE 1 | Measurement system of urbanization process.
[image: Table illustrating the urbanization process with four layers: target, quasi-test, indicator, and unit. The target layer is urbanization process; quasi-test layer includes economic level, population density, industrial structure, energy consumption structure, and urbanization rate. Indicator layer details metrics like GDP per built-up area, resident population density, and ratios of GDP and energy consumption. Units include yuan per square kilometer and people per square kilometer. Some entries lack unit values.]3.1.3 Spatial Durbin model
Due to the interdependence of economic activities at multiple levels such as trade, investment, and industrial chains, economic fluctuations or policy adjustments in one region often affect other regions, forming a strong macroeconomic correlation. At the same time, environmental protection policies and carbon emission reduction policies in various regions will have mutual influences, and regions tend to learn from and imitate each other, so macroeconomic variables such as carbon emissions have obvious spatial spillover effects. In this paper, a spatial Durbin model is constructed. The formula is as follows:
[image: Mathematical equation displaying factors contributing to carbon dioxide emissions. It includes variables for carbon dioxide, GDP per capita, population, industrial share, energy share, urban rate, and other coefficients, expressed using logarithmic and summation notations.]
[image: Equation with summations: \( n_{11} \sum w_k u r b_y + n_{12} \sum w_x X_y + \phi_{xt} \), followed by equation number three in parentheses.]
Where: k and j correspond to the cross-sectional units of each province; w is the element in the spatial weight matrix W; t represents the year; φ is the random perturbation term. lngdp is the vector of economic level variables; lnpop is the vector of population density; is the vector of industrial structure variables; es is the vector of energy consumption structure variables; urb is the vector of urbanization rate variables; X is the vector of other control variables.
3.1.4 Spatial weights matrix
Spatial autocorrelation is based on the spatial correlation measure, which describes and visualizes the spatial distribution pattern of things or phenomena to discover the degree of spatial agglomeration or dispersion, so as to reveal the spatial interaction mechanism between research objects (Gan et al., 2011). Spatial autocorrelation can be divided into global spatial autocorrelation and local spatial autocorrelation.
3.1.4.1 Spatial weight matrix setting
In the spatial econometric model, the weight matrix is exogenous, and the spatial weight matrix can be constructed as needed. In order to systematically investigate and flexibly respond to different spatial correlation patterns, so as to better understand the correlation between urban density and carbon emission performance per unit space, the following four spatial weight matrices are constructed, including geographic adjacency weight matrix, geographic distance weight matrix, economic distance weight matrix and economic geography weight matrix.
Geographic adjacency weight matrix: W1. It represents the connection between adjacent units in geographic space, for each geographic unit, the units directly adjacent to it are given a non-zero weight, and the units that are not directly adjacent are given a zero weight. The distance between regions i and j is expressed by dij, W1 = 1 when dij < d, and W1 = 0 when dij ≥ d.
Geo-distance weight matrix: W2. It represents the spatial distance relationship between geographic units, i.e., the reciprocal of the nearest road mileage between provinces. The surface distance of the provincial capital city calculated by latitude and longitude location is expressed by dij, W2ij = 0 when i = j, and W2ij = 1/dij when i≠j.
Economic distance weight matrix: W3. Due to the spatial correlation between the levels of regional economic development, in order to introduce more information of economic correlation and enhance the analysis of regional economic linkage, the weight matrix of economic distance with economic factors was constructed. The weights are the inverse of the difference in GDP between the two provinces. When i = j, Wij = 0. When i≠j, Wij = 1/|Yi-Yj|. Yi and Yj are the average regional GDP of province i and province j after GDP deflator processing from 2006 to 2021, respectively.
Economic Geography Weight Matrix: W4. Since the relationship between geography and economy may be nonlinear, relying only on geographical distance or economic distance to construct a matrix cannot fully capture the complex correlation between regions. The weight is the product of the difference in GDP between the two provinces and the reciprocal of the most recent road mileage between the two provinces. When i = j, Wij = 0. When i≠j, Wij = |Qi-Qj|/dij2. Qi and Qj are the mean regional GDP of province i and province j after GDP deflator processing from 2006 to 2021, respectively. dij2 is the square of the shortest road mileage between the two provinces. W4 takes into account both the proximity of geographical distance and the impact of economic activities on adjacent areas, which makes the understanding of the spatial correlation between cross-sectional units more comprehensive and accurate.
3.1.4.2 Global Moran index test
In order to investigate whether there is spatial autocorrelation in the whole spatial series, this paper uses the global Moran index to test the samples under each weight matrix. The global Moran index is shown below:
[image: Equation representing Moran's I, a spatial autocorrelation measure. Moran's I equals the sum of the weights \(w_{ij}\) times the deviations \( (x_i - \bar{x})(x_j - \bar{x}) \) over the sum of squared deviations \( S^2 \) times the sum of weights, with \( n \) indicating the number of observations. A reference number (4) appears to the right.]
Where: xi is the carbon emission intensity per unit space of 29 provinces. S2 is the sample variance. wij is the (i,j) element of the spatial weight matrix. The Moran index ranges from −1 to 1. When the Moran index is close to 1 or −1, it means that there is an integer or negative spatial autocorrelation in the sample. When the Moran index is close to 0, it indicates that the spatial distribution is basically random, and there is no obvious trend of aggregation or dispersion. At the same time, it is also necessary to consider whether it is significant, and if it is significant, the null hypothesis that spatial autocorrelation does not exist is rejected, and it is believed that there is significant spatial autocorrelation between observations.
According to the results of the global spatial correlation test (Table 2), the Moran’s I index is significant under the weight matrix of W1, W2, W3 and W4, indicating that the distribution of carbon emission intensity per unit space shows spatial autocorrelation characteristics. There are not only spatial correlation characteristics of simple economic differences or geographical differences, but also comprehensive spatial correlation characteristics of geography and economy. In this paper, the empirical results of four weight matrices of W1, W2, W3 and W4 are used for spatial econometric analysis.
TABLE 2 | Results of the global spatial correlation test of the weight matrix.
[image: Table displaying spatial statistics. Columns include Moran's I and Geary's c with corresponding p-values for weights W1 to W4. Moran's I and Geary's c for W1 are 0.418 and 0.546, respectively, both with p-values of 0.000. For W2, values are 0.247 for Moran's I and 0.726 for Geary's c, both p-values 0.000. For W3, Moran's I is 0.135, Geary's c is 0.912, p-values are 0.000 and 0.012, respectively. For W4, Moran's I is 0.174, Geary's c is 0.801, both p-values 0.000.]3.2 Data
In this paper, 29 provincial-level administrative regions in China are taken as the research unit, including 22 provinces, four municipalities and 3 autonomous regions (Sun et al., 2015; Yang and zhang, 2024; Xu, 2024). Due to lack of data, the study area does not include Hong Kong, Macau, Taiwan, Xinjiang and Tibet. Based on the existing relevant literature, technological progress, openness to the outside world, building density, and environmental regulation were selected as the control variables in this paper (Zhang and Wei, 2014; An and Xie, 2015; Wei, 2017; SS et al., 2019). Technological progress is expressed as the inverse of energy intensity (Total energy consumption/GDP). The degree of openness to the outside world is expressed as the logarithm of the proportion of import and export trade volume in local GDP of each province. Building density refers to the ratio of the base area to the land area. The degree of environmental regulation is based on the proportion of environmental pollution control investment in each province to local GDP.
The GDP, population, output value of the secondary industry, output value of the tertiary industry, and investment in environmental pollution control are derived from the statistical yearbooks of each province and the statistical yearbook of China in each year. The population density, built-up area and urban area of the city are derived from China Urban Statistical Yearbook, China Urban and Rural Construction Statistical Yearbook, and China Urban Construction Statistical Yearbook. The total energy consumption and coal consumption are from China Energy Statistical Yearbook. Since the urban area data provided after 2006 in the China Urban Construction Statistical Yearbook is different from the city area data provided before 2006. In order to ensure the accuracy of the data, the time period of each indicator data is 2006–2021. The descriptive statistics of the indicator data are shown in Table 3.
TABLE 3 | Descriptive statistics of indicator data.
[image: Table displaying variables related to carbon emissions and other factors. Columns include: Sign, Variable, Observations, Mean, Standard Deviation, Min, and Max. Each row lists a variable such as lnCO₂ and economic level, with corresponding statistical data based on 464 observations.]By comparing the mean, standard deviation, maximum, and minimum values of different variables, an initial understanding of their distribution and variability can be obtained. From the results of Table 1, it can be seen that the carbon emission performance per unit space varies greatly. Due to the differences in economy, technology, regional resources and other aspects, the carbon emission performance per unit space in different regions shows large differences. Among the explanatory variables, the difference in industrial structure is the most obvious, followed by population density, economic level and energy consumption structure, and the urbanization rate is the least different.
In order to better understand the annual trend and regional differences of carbon emission intensity per unit space, this paper divides the 29 provincial-level autonomous regions into four regions, namely, Eastern, Western, Central, and Northeastern, according to the interpretation of the National Development and Reform Commission, as shown in Table 4.
TABLE 4 | Major provinces included in the four regions (Excluding Tibet, Xinjiang, Hong Kong, Macao and Taiwan).
[image: Table listing Chinese regions and their provinces. Eastern region includes Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan. Northeastern region includes Liaoning, Jilin, and Heilongjiang. Central region includes Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan. Western region includes Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, and Ningxia.]4 RESULTS
4.1 Spatiotemporal evolution characteristics of spatial carbon emission performance
According to Eqs 1 and 2, the carbon emissions of each region and the carbon emission performance per unit space in China are calculated. As can be seen from Table 5 (orange for the larger value and blue for the smaller value), China’s carbon emission performance per unit space is declining based on the time perspective. Except for the northeast, the east, west and central parts of the country showed a continuous downward trend, and the decline rate was about the same.
TABLE 5 | Regional differences in carbon emission performance per unit space from 2006 to 2021.
[image: Table listing values for Eastern, Western, Central, Northeastern regions, and their average from 2006 to 2021. Values are recorded yearly, showing a general decline across all regions over the period. ]With the increase of years, the Northeast region showed a trend of first increasing and then declining, reaching a peak in 2007 and then beginning to decline, and the decline rate was significantly lower than that in other regions. This is because China was in a relatively fast economic growth and high energy consumption in the early stage, which led to an increase in carbon performance. As the government’s attention to environmental sanitation continues to increase, a series of emission reduction measures have reduced carbon dioxide emissions. For example, in recent years, the western region has gradually formed a new pattern of large-scale protection, large-scale opening-up and high-quality development, so the carbon performance in the later period has shown a downward trend. From a spatial perspective, there are large regional differences in China’s carbon emission performance per unit space.
The lowest is in eastern China, including Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong and Hainan, followed by Northeast China, including Liaoning, Jilin and Heilongjiang, whose carbon emissions per unit space are roughly in the range of −11 to −13, all lower than the national average carbon emission performance per unit space. The carbon emission performance per unit space in the western region is higher than the national average. The performance of carbon emissions per unit space in the western provinces of Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, and Yunnan is about 1.35 times the national average.
The above phenomenon shows that the carbon emission performance per unit space is closely related to the level of economic development, energy consumption structure, industrial structure and other factors. The eastern region has a prosperous economy and a leading level of science and technology. The environmental capacity space is relatively sufficient, with advanced manufacturing and many cities with trillions of GDP. In particular, in recent years, China has accelerated its modernization and become a strategic highland in China’s science and technology, economy, and governance. However, due to the limitations of the geographical environment and ecological environment, the economic development level of the western region lags behind that of the eastern region. The technological level of environmental protection in the western region is relatively lagging behind, and there is a phenomenon of excessive exploitation of resources. As an economically underdeveloped and resource-endowed central region, its economic development has long relied on fossil fuels such as coal. In particular, in major coal provinces such as Shanxi and Henan, coal accounts for 80% and 76% of the energy consumption structure respectively, resulting in high carbon emissions.
4.2 Spatially correlated characteristics of spatial carbon emission performance
4.2.1 Global spatial autocorrelation feature
As an important basis for distinguishing the traditional model from the spatial econometric model, the spatial correlation analysis can reduce the deviation in the measurement results. According to Eq. 4, 2), the global Moran’s I value and the corresponding p-value of each province from 2006 to 2021 can be obtained, as shown in Table 6.
TABLE 6 | Moran’s I value of carbon emission performance per unit space of Chinese provinces from 2006 to 2021.
[image: Table showing Moran's I and p-values from 2006 to 2021. Values indicate spatial autocorrelation, with Moran's I increasing over time. Notably, p-values drop below 0.05 in 2011, indicating statistical significance.]As can be seen from Table 5, the Moran’s I value was below 0.05 in all years except 2006. Moran’s I values from 2007 to 2017 passed the test at the 5% significance level, and in all other years, the Moran’s I values passed the test at 1% significance. This indicates that the performance of carbon emissions per unit space of each province is not random, and there is a strong spatial positive correlation and a certain agglomeration effect. In other words, the provinces surrounding the provinces with high carbon emission performance per unit space also have high carbon emission performance per unit space, and the provinces with low carbon emission performance per unit space are clustered together. The performance level of carbon emission per unit space of each province is not only affected by its own economic activities, carbon production and consumption, but also by the carbon emissions, economic level, population density, industrial structure and other factors of surrounding provinces, such as the transfer of production activities, energy use diffusion, carbon trading market, etc.
4.2.2 Local spatial autocorrelation features
The results of the global Moran index test show the overall situation of each province in terms of spatial carbon emissions, but cannot reflect the local spatial autocorrelation and spatial agglomeration of carbon emission performance per unit space, so the local Moran index is used for testing. The local Moran index formula is as follows:
[image: Mathematical equation for Moran's I: \( I_i = \frac{y_i - \bar{y}}{\sum(y_i - \bar{y})^2} \sum_{j \neq i}^n \omega_{ij} (y_j - \bar{y}) \), labeled as equation (5).]
Where: n is the total number of regions; yi is the carbon emission performance value per unit space of the 29 provinces;y is the average value of carbon emission performance per unit space, which is the (i,j) element of the spatial weight matrix.
According to Eq. 5, the Moran scatter plot is calculated and plotted. Moran scatter plots reflect the tendency of data to accumulate or disperse in space, and it divides observations into four quadrants.
First quadrant: High-High value agglomeration (HH) area. It indicates that the carbon emission performance per unit space of the observed provinces and their surroundings is high, showing a positive spatial correlation.
Second quadrant: Low-High value agglomeration (LH) region. It indicates that the carbon emission performance per unit space of the observed provinces is low, while the carbon emission performance per unit space of the surrounding provinces is high.
Third quadrant: Low- Low value agglomeration (LL) region. It indicates that the carbon emission performance per unit space of the observed province itself and its surroundings is low.
Fourth quadrant: high-low value agglomeration (HL) region. It indicates that the carbon emission performance per unit space of the observed provinces is high, while the performance per unit space of the surrounding provinces is low.
There is a positive correlation between the carbon emission performance per unit space in the first quadrant and the third quadrant. There is a negative correlation between the second quadrant and the fourth quadrant for carbon emission performance per unit space.
Based on the geographical adjacency weight matrix, the local Moran scatter plots for three representative years in 2006, 2014 and 2021 were drawn, as shown in Figure 2. The horizontal axis represents the standardized carbon emission performance value per unit space, and the vertical axis represents the spatial lag value of carbon emission performance per unit space. The figure shows that the carbon emission performance per unit space of most provinces is located in the HH and LL regions, that is, there is a positive spatial correlation. Specifically, in 2006, the provinces with HH carbon emission performance per unit space were Gansu, Ningxia, Shaanxi, Inner Mongolia, Yunnan, Shanxi, and Qinghai, which were concentrated in western China. The provinces located in the LL region include Hubei, Hunan, Anhui, Zhejiang, Shandong, Fujian, Jiangsu, Guangdong, Jiangxi, and most of them are concentrated in eastern China. In 2014, the number of HH regional provinces increased slightly, from 7 provinces in 2006 to 9, including Gansu, Ningxia, Inner Mongolia, Shaanxi, Shanxi, Hainan, Qinghai, Heilongjiang and Jilin. From 2006 to 2014, the concentration shifted from the western region to the western and northeastern regions. However, the number of LL-type provinces has changed little, from 9 districts in 2006 to 10 districts. The increase is in Guangxi, and the provinces are still concentrated in eastern China. In 2021, the HH-type region increased the number of Liaoning Province and the LL-type region increased the number of Yunnan Province, both of which were concentrated in the western, northeastern, and eastern parts of China, respectively, which were consistent with the results in 2014.
[image: Three scatterplots labeled A, B, and C display Moran's I values over time for different cities. Plot A (2006) shows Moran’s I value of 0.258, Plot B (2014) shows 0.282, and Plot C (2021) shows 0.331. The x-axis represents population in logarithmic scale, and the y-axis represents a quantitative variable. Cities are labeled within each plot.]FIGURE 2 | The performance of carbon emissions per unit space in 29 provinces in 2006 (A)-2014 (B)-2021 (C).
The above results are closely related to practical factors such as economic structure and industrial layout.
From a spatial perspective, most of the HH regions are provinces in the central and western regions. This is because the level of economic development in the central and western regions is limited and the level of urbanization is low. In addition, the western region, especially Shanxi, is more dependent on traditional energy sources, such as oil and coal, which makes the carbon emission performance per unit space of the provinces show a trend of high value agglomeration. The LL area is mostly in the eastern regions. Due to the relatively good level of economic development in the eastern region, it is easier to carry out industrial upgrading and technological innovation, and the level of urbanization is relatively high. At the same time, natural resources are relatively abundant, the climatic conditions are more suitable, and the energy utilization is more efficient. Therefore, the carbon emission performance per unit space of the provinces showed a trend of low value agglomeration. The phenomenon of high-value agglomeration in the eastern province and the low-value agglomeration in the western region are relatively stable, with strong path dependence.
From a time perspective, comparing the spatial agglomeration in 2006, 2014 and 2021, it can be seen that the number of low-value agglomeration provinces is increasing year by year, and is stable in the eastern region. The high-value agglomeration provinces are gradually concentrated in the western and northeastern regions from the western region. The number of provinces with low and high value agglomeration shows a decreasing trend year by year, while the number of provinces with high and low value agglomeration has been small or almost none.
4.3 The spatial spillover effect of urbanization on the performance of carbon emissions per unit space
4.3.1 Spatial econometric model
Based on Eq. 3, a suitable spatial panel model is selected before exploring the spatial spillover effects of economic level, population density, industrial structure, energy consumption structure and urbanization rate on the performance of carbon emissions per unit space, so as to more accurately capture the possible spatial dependence and spatial spillover effects between variables. This paper uses the test idea of Elhorst (2014) to test the adaptability of the spatial panel model of the four weight matrices, and the results are shown in Table 7.
TABLE 7 | Spatial panel model adaptation results.
[image: Table comparing spatial panel model tests with spatial weight matrix types. It includes columns for W1, W2, W3, and W4 values. Tests include LM, spatiotemporal-temporal fixed effects, Hausman, Wald, and LR tests, showing results and significance levels. Significance is marked by asterisks: "***" for 1%, "**" for 5%, and "*" for 10% levels. The p-values are in brackets.]The results show that when W1, W2, W3 and W4 weight matrices are used, the LM test statistics are significant, indicating that the choice of spatial econometric model is reasonable and the hybrid panel model is rejected. The spatial-temporal fixed-effect test of LR for W1, W2, and W4 all rejected the null hypothesis at the 1% level. The spatiotemporal fixed effect of W3 was significant at the 5% level and the temporal fixed effect was significant at the 1% level, indicating that the time-spatiotemporal double fixed effect model was more effective. The Hausman test of the four weight matrices was significant at the 1% level, which strongly rejected the null hypothesis and suggested that the fixed-effect model should be used. Both LR and Wald’s test were significant at the 1% level, indicating that the SDM model would not degenerate to the SEM model or the SAR model, and the SDM model was superior to the SEM model and the SAR model. Therefore, the spatial Durbin model with time-space-time double fixed effect is selected for analysis.
4.3.2 Spatial spillover effects
In order to better describe the interaction and dependence in geographic space, Stata was used to estimate the parameters of Equation 4 under the premise of considering spatial factors such as spatial correlation, spatial dependence, and spatial heterogeneity. The estimated results are shown in Table 8.
TABLE 8 | Parameter estimation results.
[image: Statistical table comparing variables across four models (W₁, W₂, W₃, W₄). Variables include lngdp, lnpop, is, es, urb, among others. Each cell shows coefficients with significance levels (***, **, *) and p-values in brackets. Notes clarify significance markers. Rows for R², LogL, and Obs are included with respective values.]As can be seen from Table 7, the values of R2 under different weight matrices are all greater than 0.87, indicating that the model fits well. On the whole, economic level, urbanization rate, technological progress, and openness to the outside world all have a negative impact on the carbon emission performance per unit space. Except for the degree of openness, it is significant at the level of 1%, and the degree of openness to the outside world is only significant at the level of 10% under the weight matrix of geographical distance. Population density, building density, and environmental regulation have a positive impact on the carbon emission performance per unit space. Population density is significant at the 1% level in all four matrices. However, the degree of environmental regulation has no significant impact on the carbon emission performance per unit space. In addition, the industrial structure and energy consumption structure have negative and positive effects on the carbon emission performance per unit space under the geographical adjacency matrix, respectively, and are significant at the 1% level, but fail the significance test in other matrices. The results of the study are as follows:
	(1) Economic level. An increase in the economic level within a reasonable range can curb the increase in carbon emissions. With the development of the economy, the government has strengthened environmental awareness, enterprises have been transformed and upgraded, and cleaner and energy-saving technologies and equipment have been adopted to effectively reduce carbon emissions. However, the spatial lag term coefficient of the economic level is only significant in some spatial matrices, and some of the significance is not high. This indicates that the economic level of the province will have an impact on the carbon emission performance per unit space of neighboring provinces and geographically similar provinces, but the impact is not obvious.
	(2) Population density. There is a positive correlation between population density and carbon emission intensity. It has a significant impact not only on the performance of carbon emissions per unit space of the local area, but also on the carbon emissions of neighboring regions. From the perspective of scale effect, areas with high population density have a larger scale of production, often have more enterprises and factories, and at the same time, regions need to provide more infrastructure services such as transportation, heating, and power supply, which increases overall energy consumption and carbon emissions. From the perspective of agglomeration effect, areas with high population density usually face more congested traffic, more intensive residential energy consumption, and relatively higher energy needs for residents’ lives, which in turn increases carbon emissions.
	(3) Industrial structure. The regression coefficient of industrial structure to carbon emission performance per unit space is only significant at W1, but the spatial lag term coefficient is significantly negative under the four spatial matrices. This suggests that spatial proximity plays an important role in the impact between industrial structure and carbon emissions. Neighboring provinces and provinces with similar geographical distances have a strong interaction and similar economies have a significant agglomeration trend in terms of carbon emissions per unit space. With the adjustment and upgrading of industrial structure, economic development has gradually changed to the direction of high-tech and low-carbon, and the emergence of new high-tech industries, the support of green finance policies and a number of policy guidance have had a negative effect on the carbon emission performance per unit space.
	(4) Energy consumption structure. The local energy consumption structure has a promoting effect on the carbon emission performance per unit space of the region and the economically similar regions. However, it has a restraining effect on carbon emissions in adjacent areas. China’s total energy consumption ranks among the top in the world, accounting for about 23% of the global total. Coal still accounts for a significant proportion of energy consumption, resulting in relatively high carbon emissions. Economically similar regions often have similar economic activities and industrial structures, and there is a certain supply and demand relationship. When local coal consumption increases, energy consumption in economically similar regions may also move in the same direction. However, due to the cross-regional balance between energy supply and demand, the surrounding areas will reduce their own coal consumption or adjust their energy structure, and stimulate technological progress and technology transfer, so that the carbon emission performance per unit space of the surrounding areas will be reduced.
	(5) Urbanization rate. To a certain extent, strengthening urbanization has an inhibitory effect on the performance of carbon emissions per unit space. But too much aggregation will lead to a waste of resources. The spatial lag coefficient of urbanization rate was significantly positive in W1 and W2, and passed the test of significance of 1% and 5%, respectively. This indicates that the increase in local urbanization will have a promoting effect on carbon emissions in neighboring areas or areas with close geographical distances, but the effect is not obvious. As building traffic in cities becomes more compact and concentrated, energy losses in the transportation and supply process will gradually decrease, economic activities will become more concentrated, and resource utilization will be higher. At the same time, the mutual reinforcing effect between population and economic activity contributes to innovation and technological progress. However, due to the diffusion effect of economic activity, the number of businesses and residents in the periphery of the city has increased. This, in turn, creates more demand for energy consumption, which increases carbon emissions in the surrounding area.

For the other control variables, only technological progress and building density coefficient are significant in the four matrices, but they act in completely opposite directions. Technological progress can curb carbon emissions to a certain extent, and the increase in building density will increase carbon emissions. The spatial lag coefficients of technological progress, building density, openness to the outside world and environmental regulation are only significant in some matrices, indicating that the impact of these four variables on carbon emissions in the surrounding areas is not obvious.
In summary, economic level, industrial structure, and urbanization rate have a negative impact on carbon emissions. Population density and energy consumption structure have a positive impact on carbon emissions. The hypothesis H1 is demonstrated, that is, increasing the level of urbanization to a certain extent will reduce the carbon emission performance per unit space.
4.3.3 Spatial effect decomposition
Due to the spatial spillover effect, the change of a variable will not only cause the change of carbon emission performance per unit space in the region, but also cause the change of carbon emission performance per unit space in adjacent areas. In order to accurately measure the influence of spatial effects on the relationship between variables, this paper will further decompose the impact of each variable on the performance of carbon emissions per unit space, including direct and indirect effects. Direct effects: the impact of a variable change on the carbon emission performance per unit space of the region, including the cyclic feedback effect of the variable change on the environmental factors in the surrounding neighboring areas and in turn the impact on the region. Indirect effects: the impact of a change of a variable on the performance of carbon emissions per unit space in adjacent areas and a series of chain reactions and adjustments, i.e., spatial spillover effects. In this paper, the model is decomposed according to the partial differential method, and the direct effects, indirect effects, and total effects of each variable under different weight matrices are obtained as shown in Table 9.
TABLE 9 | Decomposition results of spatial effects.
[image: Statistical table showing effects of different variables across four weight matrices \(W_1\) to \(W_4\). Columns: lngdp, lnpop, is, es, urb, ee, bula. Effects include direct, indirect, and total. Notable significance levels: \(***\) at 1%, \(**\) at 5%, and \(*\) at 10%. Each matrix shows varying positive and negative values, indicating relationships and significances.]Since the coefficients of the degree of openness to the outside world and the degree of environmental regulation are not significant, the spatial effect is not statistically significant, so it is not discussed here.
Overall, the total effect of the four weight matrices is basically the same. The direct effects of the geographic adjacency matrix and the geographic distance matrix affect the same direction. However, there are some differences in the direction of the direct effects of the economic distance matrix and the economic geography matrix. This is because economic factors are introduced into these two matrices, and China has a vast territory, there are obvious differences in economic development between regions, and it is affected by many factors such as history, culture, and policy, so there are differences in the direction of influence. At the same time, there are certain differences in the direction of the indirect effects of the four weight matrices. This is due to the fact that there are obvious spatial externalities in China’s economic and social activities. Moreover, the inter-regional connection network is very complex, including transportation, population flow, industrial chain and other contact methods between cities, and the interaction of multiple effects leads to the diversification of indirect effects.
At the specific level, the direct effects of economic level, population density and urbanization rate under the four matrices all passed the significance test of 1%. However, the indirect effect is only significant in some matrices. This indicates that these three factors have a certain spatial spillover effect, but it is not obvious. The indirect effects of industrial structure and energy consumption structure are significant. However, the direct effect was only significant in W1. This indicates that the impact of industrial structure and energy consumption structure on carbon emissions in geographically adjacent or economically similar regions is more significant than that on this region.
In the energy consumption structure, the order of the coefficient of indirect effect estimation of each matrix is as follows: W4(0.843)>W2(0.495)>W1(-0.380)>W3(0.245). This reflects that among the spillover factors that affect the carbon emission performance per unit space of energy consumption structure, economic geographic nesting is the main factor, and proximity is a secondary factor. This may be due to the impact of the dual carbon policy, which is prone to strategic competition among regions. Therefore, it is necessary to strengthen cooperation, consultation and experience sharing when formulating emission reduction policies to achieve greater emission reduction benefits.
Among the control variables, although the direct effects of technological progress and building density are significant in the four matrices, the total effects are only significant in some matrices, indicating that although the introduction of new technologies can reduce the carbon emission intensity of buildings, transportation and industry. But it may lead to more resource consumption and environmental pollution. Increased building density helps reduce commuting distances and traffic demands. However, it may lead to higher energy consumption. The combined effects of the two cancel each other out to a certain extent, resulting in insignificant results.
In summary, economic level, population density, industrial structure, energy consumption structure, and urbanization rate all have spatial spillover effects. That is, there is a spatial spillover effect of urbanization process on the carbon emission performance per unit space of neighboring provinces, and hypothesis H2 is demonstrated.
4.4 Robustness test
In order to further verify the robustness of the model, this paper uses the method of substituting explanatory variables to test. Drawing on the research ideas of Cheng et al. (2013) and Liu and Liu (2021), the per capita GDP is used to represent the economic level, and the proportion of the output value of the secondary industry in the GDP represents the industrial structure, and the model regression is carried out after substituting the explanatory variables. The regression results are shown in Table 10. The results show that there is no significant change in the main regression results, indicating that the test in this paper is robust.
TABLE 10 | Robustness test results.
[image: Table displaying coefficients for various variables across columns labeled W1, W2, W3, and W4, with significance levels indicated by asterisks. Variable names include lngdp, lnpop, is, es, urb, among others. Significance is noted as *** for 1%, ** for 5%, and * for 10% levels.]5 CONCLUSION AND SUGGESTIONS
5.1 Conclusion
Based on the consideration of multiple spatial factors, this paper conducts a new empirical analysis of the regional differences, spatial autocorrelation, and spatial effects of carbon emission performance per unit space. This paper studies whether promoting urbanization can help achieve the goals of carbon neutrality and carbon peaking.
	(1) To a certain extent, increasing the level of urbanization will reduce the carbon emission performance per unit space. Population density has a significant effect on the performance of carbon emissions per unit space in both local and adjacent areas. Spatial proximity plays an important role in the impact between industrial structure and carbon emissions. The energy consumption structure has a promoting effect on the carbon emission performance per unit space in local and economically similar regions, but has a restraining effect on the carbon emissions in adjacent areas. From 2006 to 2021, China’s carbon emission performance per unit space showed a downward trend year by year. The decline rate was similar in the east, west and central part of the country, with the northeast rising first and then decreasing. In terms of intensity, the eastern part is the lowest, followed by the central and northeastern regions, and the western part is the highest. The level of economic development, energy consumption structure, and industrial structure are closely related to the carbon emission performance per unit space.
	(2) The urbanization process has a spatial spillover effect on the carbon emission performance per unit space of neighboring provinces. Among them, the spatial spillover effects of industrial structure and energy consumption structure are more obvious than those of economic level, population density and urbanization rate. Economic geographic nesting is the main factor that affects the spillover of energy consumption structure on carbon emission performance per unit space. There is a strong positive correlation and stable path dependence on the performance of carbon emissions per unit space in each region. The number of LL agglomeration provinces is increasing year by year, and it is stable in the eastern region. The HH agglomeration provinces are gradually concentrated in the western and northeastern regions from the western region. There are few LH agglomeration provinces and HL agglomeration provinces, which show a decreasing trend year by year.

5.2 Suggestions
Based on the research conclusions of this paper, such as the impact of urbanization level on carbon emission performance per unit space and the spatial spillover effect, some policy suggestions are put forward for urban development.
(1) Strengthen the management of carbon emissions in densely populated areas and adjacent areas. Focus on public transportation, energy-saving buildings and green space construction, and promote low-carbon production and clean energy utilization. Strengthen the formulation and enforcement of environmental protection laws and regulations, and impose restrictions and penalties on enterprises with high carbon emissions.
	(2) Promote the upgrading and optimization of industrial structure and strengthen regional cooperation. Due to the important role of spatial proximity, the government needs to continue to promote technological innovation in the process of industrial restructuring and upgrading. Realize the withdrawal of old production capacity and the construction of new production capacity. Strengthen inter-regional industrial ties and economic cooperation to promote the further reduction of carbon emissions.
	(3) Adjust the energy consumption structure and promote the transformation of the energy consumption structure to clean energy. Increase investment in R&D and promotion of clean energy technologies, and encourage enterprises and residents to use clean energy. At the same time, preferential policies such as loan support and tax incentives are provided to promote the development and application of clean energy.
	(4) Strengthen cross-regional cooperation mechanisms, such as building a cross-regional environmental protection information platform to share environmental protection management experience, monitoring data and technological achievements. Promote experience sharing and technology transfer to achieve greater carbon emission reduction and environmental protection benefits.
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The massive CO2 emission has caused frequent occurrence of climate problems, and a typical response to climate change has reached international consensus. Digital finance and green finance, as a subversion of the traditional financial model, have become significant drivers of global carbon emissions reduction efforts. Based on the panel data, this paper profoundly compares the effects of carbon emissions reduction, mechanisms, and heterogeneous results of two forms of finance. Research finds that technology-centered digital finance focuses on suppressing carbon emissions through technological innovation, and the higher the level of regional economic is, the stronger the role of digital finance in suppressing carbon emissions through technological innovation. The concept-centered green finance focuses on carbon emissions reduction through industrial ecologization, and government-led environmental regulation plays a positive regulatory role. Although the paths of affecting carbon emissions are different, there is a natural fit between the two in terms of the essential goal of carbon emissions reduction. Based on the consideration of the differences in geographic location and financial development level, the carbon emission reduction effects of two forms of finance show apparent heterogeneity. Based on the spatial characteristics of digital finance and carbon emissions, this paper further finds that the digital finance’s carbon emission reduction effects have apparent spatial spillovers. These findings provide an essential direction to formulate a reasonable carbon emissions reduction plan and accelerate realizing the “double carbon” goal.
Keywords: global climate, digital finance, green finance, carbon emission reduction, “double carbon” goal

1 INTRODUCTION
China’s economic strength has significantly increased, but the excessive pursuit of economic benefits has neglected environmental benefits. As a result, the sharp contradiction between economy and environment has become a critical issue facing China for a long time. In 2017, China officially launched the unified carbon emissions trading market, and then In 2021, the goal of “carbon peak, carbon neutral” highlights the China’s determination to develop a green economy. As a core element of modern market economy development, finance is a powerful support to ensure enterprise development and promote national economic growth. Based on digital technology, digital finance is a financial means that integrates emerging tools such as the Internet, cloud computing and artificial intelligence into the traditional financial system to achieve innovation in the form of financial services, enrich the content of financial services and expand the scope of financial services (Wu, Guo, Tian and Hong, 2022). Compared to digital finance, the origin of green finance dates back to the 1990s when developed countries proposed the concept of “green finance”. At the beginning of this century, in response to intense criticism from international non-governmental organizations (NGOs) of the environmental damage caused by specific financing projects, green finance, which is based on the principles of sustainable development, became a powerful tool for the international financial industry to address climate change (X. Wang, Huang, Xiang and Huang, 2021). Specifically, green finance is a form of finance that responds to the United Nations’ call, promotes the environmental greening of industries.
As products of development in different times, digital finance and green finance have had a profound impact on China’s economy. Digital finance focuses on encouraging the transformation of heavily polluted industries with the help of technological means, to reduce the carbon emissions of traditional sectors (Song et al., 2023); in contrast, green finance adheres to the core of green development, restricting the production scale of polluted industries through financial constraints to curb industrial carbon emissions (J. Wang and Ma, 2022). Obviously, both digital finance and green finance are important tools for reducing carbon dioxide emissions and protecting the ecological environment in the context of low-carbon economic development. However, the strength of the contribution of digital finance and green finance in carbon reduction, which side has a stronger carbon reduction effect, and whether China’s future carbon reduction work will prioritize technology or philosophy are still unresolved issues.
Although existing research provides a solid foundation for our research, there are still the following shortcomings: Firstly, existing research focuses on the single impact of digital finance or green finance on carbon reduction, lacking a comprehensive analysis that puts the three within the same research framework; Secondly, green concepts and digital technologies provide endogenous and external support for carbon reduction, and there is still a lack of comparative research on the endogenous and exogenous forces of carbon reduction; Thirdly, both the financial system and the ecological environment have obvious regional characteristics, but there are still relatively few studies on finance and carbon emissions that consider spatial factors and overlook the spatial effects of carbon reduction.
The contributions of this research are as follows. Firstly, in terms of research topics. Comprehensively consider the carbon reduction effects of digital finance and green finance, and conduct vertical comparisons to highlight the importance of digital finance or green finance in carbon reduction work, with novel themes to compensate for the shortcomings of single research; Secondly, in terms of research methods. In order to explore the differences in the transmission paths of digital finance and green finance in the process of emission reduction, this article integrates regulatory effects on the basis of a simple mediation model, explores the transmission paths of carbon reduction through different financial means, and based on the consideration of geographical proximity, uses spatial econometric models to test their spatial correlation. The methods are rich and expand the breadth and depth of existing research. Thirdly, in terms of policy value. On the basis of exploring the carbon reduction effect mechanism of digital finance and green finance, this article further verifies the differences in carbon reduction between digital finance and green finance, and further clarifies the direction of policy implementation, providing theoretical reference for accelerating China’s economic green transformation and global carbon reduction work.
The rest of the article is organized as follows. Section 2 reviews and evaluates existing literature on carbon emissions, digital finance, and green finance, and proposes research hypotheses based on theoretical analysis. Section 3 proposes the research design. Section 4, the benchmark regression results, mechanism testing results, and robustness results were reported. Section 5 reports on the heterogeneity of carbon reduction effects between digital finance and green finance, respectively. Section 6, because digital finance has a more significant carbon reduction effect, we delves into the spatial effects of it. Section 7 synthesizes conclusions from the empirical findings and offers reliable recommendations for future carbon emission reduction efforts. The content of the study is illustrated in Figure 1.
[image: Flowchart illustrating the impact of new finance on carbon emissions. On the left, digital and green finance branches influence economic, technological, and environmental factors. These lead to industrial ecologization and indirectly affect carbon emissions. On the right, three maps of China display spatial characteristics of digital and green finance in 2011 and 2020, with varying intensity across regions.]FIGURE 1 | Research content.
2 LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT
2.1 Literature review
2.1.1 Research on carbon emissions
The global climate issue is a realistic challenge facing humankind at present. Since the 19th century, most experts and scholars have conducted many exploration on the greenhouse effect. The study has arrived at a unanimous conclusion: human beings are the initiators of global warming. In recent years, some countries have blindly pursued the benefits of economic development, seriously ignoring the harm economic development has brought to the global environment and human health. Therefore, solving the global climate problem is the common goal of humanity. With the continuous deterioration of global climate, various countries’ carbon emission reduction actions have become the main force to mitigate global climate change, and a new pattern of global climate governance has gradually taken shape. The mainstream research on carbon emissions includes the following two categories: First, many study investigates the factors affecting carbon emissions. From the macro level, introducing high-end production equipment and technology from other countries through international trade can reverse the carbon pollution situation with a technology spillover effect (X. Xu et al., 2021). In addition, the government sends environmental protection signals to high-energy-consuming industries through environmental regulation. From the medium level, carbon emission reduction is a crucial measure to promote industrial green transformation to achieve industrial ecology under the call for carbon neutrality and a critical path to enhance national industrial resilience and urban economic resilience (H. Chen et al., 2021). From the micro level, individual education level directly affects personal environmental awareness (Bülbül et al., 2023). In general, the more educated the group, the stronger the ecological concept and the more inclined to use. The second is evaluating the role of national policies on carbon emission reduction. Most studies evaluate the pilot effects of national policies from multiple perspectives through the method of differential differentiation to verify the policies’ effectiveness and further promote them widely (H. Zhang et al., 2021).
2.1.2 Related research on digital finance and carbon emissions
The wide application of digital technologies has opened the door to the digital era and pushed China’s economy into a new stage (Chu et al., 2023). The digital finance can effectively overcome the drawbacks of the traditional financial, enrich the form and content of financial, enhance the flexibility and convenience (Feng et al., 2023). Studies mainly focus on two aspects: at the macro level, studies on the mechanism of digital finance on restraining carbon emissions (X. Liu et al., 2023); At the micro level, for individuals, it provides individual consumers with convenient online transaction channels and dramatically reduces the CO2 emissions generated by offline travel (Pu and Fei, 2022). For enterprises, digital finance provides financial support for enterprises through the redistribution of production factors, promotes the green innovation (Ding et al., 2022). Part of researchs show that the digital finance does not affect CO2 emissions (Chang, 2022; Zheng and Li, 2022); the other part of the research results show that the rapidly developing information technology, as an essential driving force for industrial adjustment, is the core force to curb the industrial carbon emissions (Yin, 2022).
The digital finance, as a critical driving force for China’s economy, is a significant starting point for inclusive green growth. However, its identity positioning and mechanism role in carbon emission reduction work still needs to be further clarified to indicate the precise direction of carbon emission reduction.
2.1.3 Research on green finance and carbon emissions
The Kyoto Protocol, signed in 1997, has made green finance widely concerned by the international community (Sinn, 2008). Later, some scholars put forward the green finance theory that integrates finance with the green environmental industry, aiming at redistributing financial resources with the help of market forces to achieve the purpose of protecting the ecosystem (Huang et al., 2023). China has permanently attached great importance to the green finance. In 2016, the Guiding Opinions on Building a Green Financial System issued by relevant departments in China clarified the policy framework for green finance and point out it is a financial service to maintain economic activities such as resource conservation and efficiency and to combat climate change.
While there is no universally accepted definition globally, the connotation of guiding financial resource allocation with green financial instruments to improve the environment is consistent (Ran and Zhang, 2023). From the measurement of green finance, one is measured by a single indicator, such as public expenditure on environmental protection, interest expenditure of high-energy consumption industry (J. Xu et al., 2023). The other is to comprehensively evaluate by selecting multiple indicators (X. Chen and Chen, 2021; J. Wang et al., 2023). For research content, based on the environmental protection concept of green finance, most existing studies focus on its protection effect on the ecological environment. For example, green finance can reduce pollution by optimizing energy (Yuan et al., 2020; Bai et al., 2022). Specifically, the issuance of green bonds significantly improves enterprises’ green innovation capability and environmental performance (W. Zhang et al., 2022), while green credit improves environmental performance by controlling the financing of high-emission industries (X. Liu et al., 2019; Lv et al., 2023).
2.2 Hypothesis development
The digital finance, as an essential financial means derived from technological change, is strong support to achieve the goal of “double carbon.” From a micro point of view, mobile payment brought by digital finance significantly reduces residents’ dependence on offline financial institutions’ outlets (S. Liu et al., 2023), reduces residents’ transportation frequency, and helps to reduce CO2 emissions. Moreover, the “Ant Forest” and “Green Apple” public welfare activities launched by digital financial platforms have greatly improved residents’ awareness of environmental protection and formed a “positive incentive” for the transformation of residents’ consumption structure (Zheng and Li, 2022). From a macro point of view, digital finance, mainly supported by digital technology, is a vital force in promoting industrial digitalization and digital industrialization. The development of modern information technology has overturned the production mode of traditional industries, transforming intangible modern information technology into tangible information technology industries, which is an inevitable measure to reduce pollutant emissions in the digital era (Zhao, Yang, Li, Liu and Li, 2021). Digital finance provides a basic guarantee for industrial technology investment, reduces technology cost risks, and is a key means to promote industrial digital transformation and reduce carbon pollution (Z. Zhu, Liu, Yu and Cao, 2022).
	“Green” is a kind of environmental protection concept; its concept is more abstract, involving a more comprehensive range. On the premise of accurately identifying green enterprises, green finance tracks and locates the flow of financial resources, gives priority to providing financial support for enterprises’ environmental production and environmental governance, and thus reduces carbon pollution production activities (Lin et al., 2022). Although the internal concepts of digital finance and green finance are different, the essential goals of pollution reduction and of them have a natural consistency.

Hypothesis 1:. Both digital finance and green finance have significant carbon reduction effects.
Driven by the fourth industrial Revolution, technology has become a key production factor for modern industries to improve productivity. However, the high cost of technology makes most enterprises prohibitive, and this development bottleneck of enterprises provides an important direction for digital finance to achieve environmental protection goals. Digital finance focuses on embedding digital technology into the financial system, adjusting traditional industrial structure by employing financial technology, promoting industrial digital transformation, and thus reducing the emission of industrial pollutants (J. Xu et al., 2023). Digital finance empowers traditional industries through digital technologies, promotes the transparency and synergy of data factor flow, realizes the accurate matching of production factors, reduces the number of polluting industries (Xue et al., 2022). Digital finance has significantly improved the ability to identify, and deal with financial risks, and encourage enterprises to innovate (M. Zhang and Liu, 2022).
The widespread popularity of digital finance is guaranteed by a strong foundation of economic development. A sound economic foundation not only provides strong material guarantees for technological innovation to play a role in carbon reduction in digital finance, but also provides strong conditions for deepening the development of digital finance and realizing its economic and social benefits. Generally speaking, the higher the level of economic development in a region, the stronger its ability to accept and adapt to emerging things such as digital finance, and the more it can fully leverage the impact of digital finance on regional social production activities. Therefore, the economic level plays an important role that cannot be ignored in promoting technological innovation through digital finance and thereby affecting the process of carbon emissions. Based on this, hypotheses 2a and 2b are proposed.
Hypothesis 2a:. The digital finance inhibits carbon emissions by promoting technological innovation.
Hypothesis 2b:. Economic growth can strengthen the mediating role of technological innovation in the process of carbon emission reduction in digital finance.
The “green” and “financial” attributes of green finance make it adhere to the essential goal of “environmental sustainability.” in addition to directly helping China to “reduce carbon,” (Zhan, Wang and Zhong, 2023), it can also further indirectly affect carbon emission reduction by driving the ecological transformation of industrial development. The green finance promotes the green industry and tertiary industry by reallocating financial elements, focusing on providing credit support and preferential incentives (Zhou and Qi, 2022), and strictly constraining the financing of projects in “two high” industries to force them to accelerate industrial transformation and promote industry development in the direction of ecology (W. Xu et al., 2023). The transformation of industrial ecology means that the proportion of green industries will gradually increase. In contrast, industries with heavy pollution will gradually withdraw or be reconfigured. This industrial structure adjustment effectively inhibits carbon emissions from economic activities (B. Wang et al., 2023).
Although green finance can reduce carbon pollution, the realization of carbon reduction goals needs to be escorted by mandatory legal means (Feng, Bilivogui, Wu and Mu, 2023). Environmental regulation is a mandatory means to compel enterprises to adopt emission reduction strategies, in the context of loose environmental regulations, enterprises face lower costs of environmental violations. Although green finance provides preferential dividends for green production activities, it is difficult to truly encourage enterprises to abandon traditional production models with high efficiency, Ding et al., 2022). Under strict environmental supervision, enterprises face high costs of environmental violations. Under the dividend effect of green finance, they will actively adopt industrial transformation strategies, and the carbon reduction effect of green finance will be strengthened. In this process, the government will play the role of a “guide” to guide financial institutions to carry out green finance-related businesses and play a regulatory complementary role in driving the transformation of industry (J. Wang and Ma, 2022; S. Zhu et al., 2014). Hypotheses 3a and 3b are proposed.
Hypothesis 3a:. Green finance achieves carbon reduction by promoting industrial ecological transformation.
Hypothesis 3b:. Environmental regulation can strengthen the intermediary role of industrial ecological transformation in the process of carbon emission reduction in green finance.
Unbalanced regional development is one of the main contradictions in China. China’s industrial distribution and industrial structure are important reasons for the differences in carbon emissions in different regions. Generally speaking, economically developed areas pay attention to the economic benefits and sustainability of industrial development. Therefore, compared with economically underdeveloped areas, their industrial structure is more reasonable, environmental awareness is more potent, and environmental pollution is relatively small (Zhang, Bao, Liu and Yang, 2022). As an innovative form based on the old financial model, digital finance and green finance are deeply affected by the old finance. The richer the financial resources, and the stronger the financial allocation capacity, the more favorable it is to enjoy the financial resource allocation dividends. On the contrary, it is difficult for regions with financial disadvantages to capture the development opportunities of emerging financial forms, and it is even more difficult to extend them to industrial transformation.
Hypothesis 4:. The carbon reduction effects of digital finance and green finance are significantly heterogeneous.
The green finance pays more attention to promoting carbon emission reduction by cutting into the “green” concept of sustainable development, which is essential in alleviating regional ecological pollution. Digital technology has alleviated information asymmetry and weakened traditional difficulties in economic interaction caused by geographical distance, while digital finance based on digital technology can fully leverage modern information technology to achieve the diffusion of financial resources (Wang and Guo, 2022). Therefore, in contrast, the spatial characteristics of digital finance are more prominent. Unlike traditional finance, the unique network diffusion and external effects of digital finance help to break the spatial boundaries of financial markets, accelerate the flow of different production factors between regions, accelerate the trading progress of financial markets, and to some extent promote technological innovation. In this process, the “radiation effect” of digital finance not only accelerates the flow of funds and technology in surrounding areas, but also provides practical references for the development model of digital finance, economic growth effects, and ecological protection effects in surrounding areas, which can effectively drive regional digital finance to play a role in carbon reduction (M. Zhang and Liu, 2022). Meanwhile, the “radiation effect” of digital finance accelerates the flow of technology in the surrounding areas. The last hypothesis is proposed.
Hypothesis 5:. The carbon emission reduction effect of digital finance has obvious spatial and geographical radiation effect.
3 VARIABLE SELECTION, DATA SOURCES AND MODEL SETTINGS
3.1 Variable selection, data sources
Firstly, the explained variable in this research is carbon emissions. Concerning the methods proposed by the IPCC, we use the standard coal method to calculate the total carbon emissions.
[image: The formula represents the calculation for CO₂ emissions: \(CO_{2ir} = \sum_{j=1}^{9} CO_{2ir_{j}} = \sum_{j=1}^{9} E_{ir_{j}} \times A_{p} \times B_{p} \times \frac{44}{12}\).]
In this, [image: I can't view images directly. Please upload the image or provide a link so I can help create alternate text for it.] indicates the CO2 emissions of province i in year t, [image: Mathematical expression showing the variable \(E_{it,p}\), indicating a potential equation or function component with subscripts \(i\), \(t\), and \(p\).] indicates the CO2 emissions from the p-th type of fossil fuel in province i in year t, [image: Mathematical notation displaying the letter "A" subscripted with the letter "p."] is the physical consumption of the p-th type of fossil fuel, [image: Please upload the image or provide a URL so I can help create the alternate text for it.] is the carbon element conversion factor for the p-th type of energy, and 44/12 is the CO2 emission coefficient for the p-th type of energy. Compared with the total carbon emission, this study believes that per capita carbon emission (pCO2) can better reflect the degree of carbon pollution.
Secondly, the core explanatory variable are digital Finance (digf) and green Finance (gref). Existing studies primarily employ three methods to measure digital finance: The first approach involves measuring the regional development level of digital finance based on the frequency of related keywords searched by web crawlers (Ding et al., 2022). The second is to evaluate the effect of policies (Zhong and Jiang, 2021). The third is to build a digital financial index based on comprehensive indicators (Cao et al., 2021). Among them, the third measurement method is the most widely used. This paper utilizes the Digital Financial Inclusion Index, which is jointly compiled by the Digital Financial Research Center of Peking University and Ant Group.
Since its establishment in 2010, the Green Climate Fund (GCF) has been defined as “investment financing that provides environmental benefits” for developing countries to address climate change through various financial instruments and financing Windows for climate-resilient development (D. Zhang et al., 2019). Compared with the Green Climate Fund, the content of the green financial system is more abundant. Based on these opinions, this paper has further enriched and established a comprehensive evaluation index system of green finance. Finally, the score is calculated by the entropy method through the steps of standardization processing, sample weight calculation, index information entropy calculation, information entropy redundancy calculation, and index weight calculation.
Thirdly, technological innovation (tech) and industrial ecolonization (ie) are selected as the mediating variables for digital finance carbon reduction and green finance carbon reduction, respectively. Here, technological innovation is represented by the logarithm of the market technology contract transaction amount, while industrial decolonization is measured using an environmental efficiency indicator.
[image: Equation showing \(ie = \frac{n}{\sum_{i=1}^{n} pi_i}\).]
where [image: It seems there was an issue with the image upload. Please try uploading the image again, and I will be happy to provide the alt text for you.] represents the total GDP unit emissions of the ith class of pollutants, and [image: It seems there's no image provided. Please upload an image or provide a URL for me to create the alt text.] is the number of indicators.
Economic foundation (eco) and environmental regulation (env) are chosen as moderating variables. The logarithm of the per capita GDP represents the economic foundation. Environmental regulation is indicated by the frequency of terms related to carbon emission reduction in local government reports.
Finally, according to the existing research literature, this paper selects some control variables. (1)The industrial structure is represented by the ratio of the added value of the secondary industry to GDP (ind). (2) The level of openness (open) is represented by the ratio of total imports and exports to GDP. (3) Urbanization level (urb), indicated by the proportion of urban population to the total population. (4) Population density (pop) is included as a control variable, measured by the number of permanent residents per square kilometer. (5) Forest cover rate (fore), with forests serving as the ‘lungs of the Earth,’ significantly contribute to reducing carbon dioxide in the air. At the same time, we also include the level of economic foundation (eco) and environmental regulation (env) in the range of control variables.
Taking into account that a significant turning point in the development of digital finance and green finance may alter their carbon reduction effects, this study, to highlight the most recent developments in the role of digital finance and green finance in carbon reduction, sets the important milestones in their development as the starting point of the research, thereby determining the study interval. The launch of Yu'E Bao in 2013 is regarded as the inaugural year of China’s digital finance development. In 2015, China issued the “Overall Plan for Ecological Civilization System Reform” first established the goal of creating a green financial system. Therefore, the panel data of 30 provinces (excluding Tibet, Hong Kong, Macao, and Taiwan) in China from 2013 to 2020 is selected as the research sample to test the impact of digital finance on carbon emissions. The data of 30 provinces from 2015 to 2020 is selected as the research sample to test the relationship between green finance and carbon emissions. The data mainly come from the Center for Digital Inclusive Finance of Peking University, China Statistical Yearbook, and Local Government Reports. The statistical description of variables are shown in Table 1.
TABLE 1 | Statistical description of variables.
[image: A table displaying variables categorized into explained, core explanatory, intermediate, moderating, and control variables. Columns show each variable's mean, standard deviation, median, maximum, and minimum values. Variables include pCO2, digf, coverage breadth, tech, eco, env, among others.]3.2 Model setting
Based on the research objectives and the above research hypotheses, the following econometric model is constructed to empirically test the carbon emission reduction effects of digital finance and green finance.
The first one is the direct effects model, which explores the impact of digital finance and green finance on carbon emissions (Y. Wu and Liu, 2024). The specific formula is as follows:
[image: Mathematical expression depicting a regression equation: \( pCO_{2ij} = \alpha_0 + \alpha_1 dig_{ij} + \alpha_2 controls_{ij} + \mu_i + \gamma_j + \epsilon_{ij} \), representing a model with variables and coefficients.]
[image: Mathematical equation showing pCO2 subscript i t equals beta subscript 0 plus beta subscript 1 greF subscript j t plus beta subscript 2 controls subscript i j t plus u subscript i plus gamma subscript t plus epsilon subscript i t.]
[image: Mathematical symbol \"i\" is shown, representing the imaginary unit used in complex numbers, where \(i^2 = -1\).] and [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL if available.] are regions and years, [image: Partial pressure of carbon dioxide, \( pCO_{2_{if}} \).] represents per capita carbon emission, [image: Please upload the image or provide a URL so that I can generate the alternate text for it.] stands for digital finance, [image: A single lowercase Greek letter alpha with a subscript zero, often used in mathematical or scientific contexts to represent a constant or initial value.] stands for constant term, [image: It seems there was an issue with your image upload. Please try uploading the image again, and I will help you with the alt text.] represents the coefficient to be estimated for the impact of digital finance on carbon emissions, which is a key factor to focus on in the empirical results of this section, [image: Lowercase Greek letter mu followed by a subscript lowercase italicized letter i.] and [image: The image shows a mathematical variable notation, v subscript j.] stand for region fixed and time fixed respectively, and [image: Greek letter epsilon with subscript i and j in italic font.] stands for random disturbance term., [image: It seems like there was a mistake. Please upload an image or provide a URL so I can help create the alternate text.] is green finance, [image: The Greek letter beta subscript one, often used in statistical and mathematical contexts, such as representing a coefficient in regression analysis.] is the coefficient to be estimated for the impact of green finance on carbon emissions.
The second is the mediation effect model, which tests the mechanism and path of carbon reduction in digital finance and green finance (Song et al., 2023). The specific formula is as follows:
[image: Mathematical equations displaying three regression models. The first equation relates \( pCO_{2ij} \) with coefficients \( \lambda_0 \), \( \lambda_1 \), \( \lambda_2 \), controls, and error term \( \epsilon_{ij} \). The second equation models \( tech_{ij} \) with \( \omega_0 \), \( \omega_1 \), \( \omega_2 \), controls, and \( \epsilon_{ij} \). The third equation again models \( pCO_{2ij} \) with coefficients \( \lambda_0 \), \( \lambda_1 \), \( \lambda_2 \), \( \lambda_3 \), controls, and error term \( \epsilon_i \). Each equation includes variables for digital and technical factors, as well as other controls.]
[image: Mathematical equations showing three expressions: 1) pCO2_ij = m0 + m1*greF_ij + m2*controls + μ_i + γ_j + ε_ij; 2) te_ij = n0 + n1*greF_ij + n2*controls + μ_i + γ_j + ε_ij; 3) pCO2_ij = z0 + z1*digF_ij + z2*te_ij + z3*controls + μ_i + γ_j + ε_ij.]
[image: It seems there's no image attached. Please upload the image or provide a URL, and I can help create the alt text for it.] is technological innovation, [image: Text displaying "t" with subscript "e" and "ij".] is industrial ecologization, and the other variables are the same as above.
The third is a mediation model with regulation, which tests the moderating role of economic growth and environmental regulation in the transmission path (McLarnon & O’Neill, 2018). This study constructs the following mediation effect model with moderation:
[image: Equations representing three models with variables and parameters: tech_ij equals a_0 plus a_1 dig_f_ij plus a_2 eco_ij plus a_3 controls plus μ_i plus γ_j plus ε_ij; tech_ij equals b_0 plus b_1 dig_f_ij plus b_2 eco_ij plus b_3 dig_f_ij times eco_ij plus b_4 controls plus μ_i plus γ_j plus ε_ij; pCO2_ij equals c_0 plus c_1 dig_f_ij plus c_2 eco_ij plus c_3 dig_f_ij times eco_ij plus c_4 controls plus μ_i plus γ_j plus ε_ij.]
[image: Mathematical equations with variables for modeling environmental factors: \( te_{ij} = e_0 + e_1 \cdot gref_{ij} + e_2 \cdot env_{ij} + e_3 \cdot controls + \mu_i + \gamma_j + \epsilon_{ij} \), \( te_{ij} = f_0 + f_1 \cdot gref_{ij} + f_2 \cdot env_{ij} + f_3 \cdot gref_{ij} \times env_{ij} + f_4 \cdot controls + \mu_i + \gamma_j + \epsilon_{ij} \), and \( pCO2_{ij} = h_0 + h_1 \cdot gref_{ij} + h_2 \cdot env_{ij} + h_3 \cdot gref_{ij} \times env_{ij} + h_4 \cdot controls + \mu_i + \gamma_j + \epsilon_{ij} \).]
[image: Please upload the image you want to describe, or provide a URL if it is available online. Additionally, you can add any context or details that might help in generating an accurate alt text.] is economic growth, [image: It seems there is an issue with the image upload. Please try uploading the image again, and ensure the file is correctly attached. You can also add a caption for context if needed.] is the environmental regulation, the other variables are the same as above.
The fourth is the spatial regression model, which tests the spatial spillover of carbon reduction in digital finance and green finance. This paper first conducts empirical analysis based on the spatial geographical weight matrix (W1). If the distance(d) between two cities is closer, the weight will be smaller; otherwise, the weight will be more enormous. The expression is as follows:
[image: Mathematical expression showing \( W_{ij} \) equals a piecewise function: \(\frac{1}{d_{ij}^2}\) when \( i \neq j \), and \( 0 \) when \( i = j \).]
The spatial adjacency matrix (W2) is a traditional 0–1 matrix and a classical non-negative matrix, which is often used to reflect whether there is an adjacency relationship between regions. If two regions are not adjacent, the value is 0; if they are adjacent, the value is 1. The specific expression is as follows:
[image: Mathematical notation defining \(W_{ij}\) as follows: 0, indicating the two study areas are not adjacent; 1, indicating the two study areas are adjacent.]
The spatial economic distance matrix (W3) is measured by regional GDP.
[image: Mathematical expression showing \( W_{ij} = \begin{cases} \frac{1}{|G_i - G_j|}, & i \neq j \\ 0, & i = j \end{cases} \).]
Based on the proximity of geographical locations and the mobility of economic resources, this paper uses a spatial econometric model to examine the spatial impact (L. Wang, Sun and Xv, 2023).
[image: Equation showing a statistical model: \( pCO_{2ij} = \tau_0 + \tau_1 digf_{ij} + \tau_2 controls_{ij} + \rho W \times pCO_{2ij} + \theta W \times digf_{ij} + \eta W \times controls_{ij} + \mu_i + \gamma_j + \epsilon_{ij} \).]
W is the spatial weight matrix, and the remaining variables are the same as above.
4 EMPIRICAL ANALYSIS
4.1 Benchmark regression analysis
Theoretically, both digital finance and green finance will have a particular effect on carbon emissions. We first test this effect of them using the SUR method, which pushes the heterogeneity of group coefficients. We obtain the test statistic x2 (1) = 11.68, and the p-value is 0.0004. The null hypothesis was rejected at the 1% significance level, indicating a clear disparity in their carbon reduction effects. Next, this part analyzes and compares the carbon reduction effects of them, respectively.
In the global digital era, all walks of life are grasping the opportunities for digital development and gradually transforming to digital. This part focuses on the impact of digital finance on carbon emissions and further explores the effects from its three dimensions, as shown in Table 2. Whether in univariate regression analysis or in regression controlling for other variables, the result passes the significance test with a negative coefficient, indicating that it can exert a restraining influence on carbon emissions, and the three control variables of industrial structure, environmental regulation, and urbanization level can effectively suppress carbon emissions. Model three shows the impact of coverage breadth on carbon emissions. Under the dual fixed effect model controlling individuals and time, it has an obvious negative effect. Model four show that there is also a negative correlation between the usage depth and carbon emissions. Likewise, model five show that the negative impact of digitalization on carbon emissions is tested at 1% level. Comparatively speaking, the coverage breadth has the most noticeable impact, which once again demonstrates the importance of improving the inclusiveness of digital finance.
TABLE 2 | The impact of digital finance on carbon emissions.
[image: Regression table displaying coefficients and standard errors for five models comparing various variables. Variables include digf, coverage breadth, usage depth, digitization level, ind, eco, env, open, urb, pop, and fore, with regional and time fixed effects. Observations total 240 for each model. R-squared values range from 0.295 to 0.444. Significance levels: *** for p < 0.01, ** for p < 0.05, * for p < 0.1.]In addition to the form of digital finance in the new era, it is also necessary to consider the green finance policy that has attracted global attention. Green finance is a sustainable finance integrating “green” and “finance.” Its positive externality features play a crucial role in balancing economiy and climate environment. In the coming decades, China will need a lot of investment to protect environment, so green finance may be a breakthrough to solve this problem. Therefore, this part analyzes the impact of green finance and its sub-dimensions on China’s carbon emissions explicitly, and the results are shown in Table 3.
TABLE 3 | The impact of green finance on carbon emissions.
[image: A table shows regression results for five models with various variables including gref, greinv, greins, greb, ind, eco, env, open, urb, pop, and fore. Each entry presents a coefficient and standard error. Models include regional and time fixed effects. The number of observations is 180 for each model, with R-squared values ranging from 0.191 to 0.332. Statistical significance is indicated by asterisks: * for p < 0.1, ** for p < 0.05, *** for p < 0.01.]Model one shows the impact of green finance on carbon emissions under the dual fixed effects of individual and time. It is found that it passes the test at 1%, indicating that it has a pronounced carbon emission reduction effect. After adding a series of control variables to Model 1, Model two found that the significance and correlation of the impact of green finance on carbon emissions remained unchanged, once again verifying the role of green finance, and the industrial structure, economic foundation, and the level of openess can also suppress carbon emissions. Specifically, among the various financial instruments included in green finance, it is found that only green investment, insurance, and bonds substantially impact carbon emissions, as shown in Models three to five in Table 3. Green investment suppressed carbon emissions at a significant level of 1%, and green insurance and green bonds hid carbon emissions at a level of 5%. Table 3 reflect the importance of green finance’s capital guidance function in restraining and limiting carbon emissions.
The results presented in Tables 2, 3 indicate that both are important financial instruments for carbon reduction, thus preliminarily validating Hypothesis 1. This result is in line with the actual situation of China’s economic development and is consistent with the results obtained in existing research, indicating that this study has certain practical reference value. Although the concepts of digital finance and green finance are different, their essential carbon emission reduction goals have natural compatibility and internal unity.
4.2 Mediating effect analysis
Digital finance promotes the transformation of traditional industries by using industrial digitalization and digital industrialization, alleviates the environmental pollution caused by carbon emissions. In Table 4 Models one to Model 2, it is found that digital finance has a positive promoting effect on technological innovation. Technological innovation significantly impact carbon emissions; that is, digital finance has a mechanism to inhibit carbon emissions by fostering technological innovation, and hypothesis 2a is verified.
TABLE 4 | The moderating effect of economic growth on carbon emission reduction of digital finance mediated by technological innovation.
[image: A table displaying results of five regression models, showing coefficients and standard errors for variables: digf, tech, eco, and digf×eco. Controls, regional, and time fixed effects are included, with observations numbered as 240 for each model. R-square values range from 0.298 to 0.444. Significance levels are marked by asterisks, with explanations at the bottom indicating significance at 0.1, 0.05, and 0.01 levels.]As the critical factor of technological progress, the economic base will inevitably play a role in this mechanism. Therefore, we further investigated the regulating role of economic growth in the digital financial carbon emission reduction transmission path mediated by technological innovation. In Models 3 to 5, the correlation coefficient of digital finance is 0.729, and that of economic growth is 0.591, indicating that the economic growth is a key factor influencing the promotion of technological progress. The interaction term between the digital economy and economic growth is added, and it is found that the interaction term coefficient passes the test and is positive. Finally, the results of Model five show that the coefficient of the intermediary variable is significantly negative, and the coefficient of the interaction term is positive, indicating that economic growth can strengthen the intermediary role of technological innovation. Hypothesis 2b is verified.
Environmental regulation will encourage to innovate green technology, and promote green development. As an essential ecological regulation tool, green finance can stimulate enterprises to innovate technology by increasing polluting enterprises’ financing costs, sunk costs, and environmental violation costs, thus curbing carbon emissions and improving ecological benefits. Model 1 to Model 2 in Table 5 test the mediating effect of industrial ecologization. We found that green finance has a significantly positive promoting effect on industrial ecology, and the negative relationship between industrial ecologization and carbon emissions passes the test. Hypothesis 3a is verified.
TABLE 5 | The Moderating effect of environmental regulation on carbon emission reduction through green finance mediated by industrial ecologization.
[image: Table displaying regression results for five models analyzing variables gref, ie, env, and gref×env. Models 1, 3, and 4 are labeled "ie," while Models 2 and 5 are labeled "CO2." The table includes coefficients with standard errors and significance levels, with controls, regional and time fixed effects, and observations set at 180. R-square values range from 0.311 to 0.496. Significance is noted with stars, where * indicates P < 0.1, ** indicates P < 0.05, and *** indicates P < 0.01.]The results of Model 3 to Model 5 show that environmental regulation has a specific positive role in promoting industrial ecologization, and the interaction coefficient is positive, indicating that ecological regulation plays an essential positive regulating role in green finance’s impact on industrial ecology. In Model 4 and Model 5, we found that environmental regulation plays a positive regulating role in the transmission path of green finance to promote industrial ecological transformation. Hypothesis 3b is verified.
This part of the empirical research differs from existing studies that mainly rely on simple mediation models for mechanism testing. This study considers the complexity of various factors in the carbon reduction path of digital finance and green finance, and constructs a complex mediation model with moderating effects, further expanding the methods used in existing research. The empirical results obtained are more convincing and provide feasible directions for carbon reduction work.
4.3 Robustness test
The above research hypothesis is preliminarily verified by benchmark regression. Nonetheless, it would be premature to draw definitive conclusions at this juncture. This paper test the robustness: First, replace the explained variables. Considering that carbon emissions come not only from the lives of social residents but also from the emission of pollutants from social and economic production, replacing carbon emissions per capita with carbon emissions per unit of output can also reflect the intensity of carbon emissions. Second, subsample regression. According to the sample period, the whole sample was divided into sub-samples of different sample periods and tested respectively to observe whether the research results were reliable.
In Table 6, the significance and correlation have not changed significantly after replacing explanatory variables, indicating that digital finance can effectively reduce carbon emission intensity. In the sub-sample regression, the results during 2013–2016 and 2017-2020 are consistent with the results of the total sample. In Table 7, the statistical results after replacing explanatory variables and sub-sample regression are roughly consistent with the baseline results. Moreover, it is found that the carbon emission reduction effect of digital finance is still more significant than that of green finance, which again confirms Hypothesis 1.
TABLE 6 | Robustness test results of carbon emission reduction effect of digital finance.
[image: Table showing regression results for the impact of various variables on carbon emissions per unit of output. Variables include digf, ind, eco, env, open, urb, pop, and fore. Data covers overall and subsample regression periods 2013-2016 and 2017-2020. Coefficients are provided with standard errors in parentheses. Significant levels are indicated with asterisks. Observations and R-square values are noted at the bottom.]TABLE 7 | Robustness test results of carbon emission reduction effect of green finance.
[image: Table showing regression results for variables affecting carbon emissions per unit of output from 2015 to 2017 and 2018 to 2020. Variables include gref, ind, eco, env, open, urb, pop, and fore, with coefficients and standard errors noted. Significant values are marked by asterisks indicating p-values: * for p less than 0.1, ** for p less than 0.05, *** for p less than 0.01. Regional and time fixed effects are applied, with R-square values of 0.314, 0.305, and 0.362. Observations total 180 for each period.]5 HETEROGENEITY ANALYSIS
5.1 Heterogeneity analysis based on regional development
Uneven regional development has been an essential feature of China’s social and productive development for a long time. Therefore, this section analyzes the heterogeneity of the impacts of digital finance and green finance on carbon emissions in the three major regions of China, respectively (Sun and Chen, 2022). In Table 8, we found that the carbon emissions of digital finance in the three major regions of eastern, central, and western China have passed significance tests at the 1%, 1%, and 5% levels, with correlation coefficients of −0.457, −1.834, and −2.638, respectively. In the eastern region, the level of openness and forest coverage can effectively suppress carbon emissions; The inhibitory effect of environmental regulation and the level of openness on carbon emissions in the central region has passed a significance test; In the western region, industrial structure, environmental regulation, urbanization level, and forest cover rate have effectively suppressed carbon emissions. Obviously, digital finance is able to inhibit carbon emissions in different regions, but in comparison, its inhibitory effect in the western region is more substantial. The reasons for this result may include: first, the economic foundation of the region of the west is significantly weaker than that of the eastern and central areas, so it is more sensitive to digital financial services; second, in the eastern and central regions of China, the industrial structure tends to be optimized and upgraded, but the western region is still dominated by the traditional industries, which is more harmful to the environment.
TABLE 8 | Results of regional heterogeneity in the impact of digital finance on carbon emissions.
[image: Table displaying regression results for Eastern, Central, and Western regions across various variables such as digf, ind, eco, env, open, urb, pop, and fore. Each region shows coefficients and standard errors with significance levels marked by asterisks. Regional and time fixed effects are noted as "Yes" for all regions. Observations and R-square values vary across regions, with details at the bottom.]There are significant differences between geographic regions, which may lead to the heterogeneity of emission reduction, and we will verify this conjecture in the following regression analysis of different regional sub-samples. In Table 9, we find that green finance passes the test at the 1% or 10% level for carbon emissions in three regions, the correlation coefficients are negative, and the industrial structure of the three major regions has effectively suppressed local carbon emissions, which suggests that green finance has a specific inhibitory effect on carbon emissions in the three major areas of China, especially in the western area, where the inhibitory effect is the most significant. Possible reasons for this include the following two points: First, the region of the west is rich in energy resources, especially the large scale of natural gas and coal reserves, which provides favorable conditions for the energy industry. Green finance reduces regional carbon emissions by guiding capital into green industries with higher production efficiency, constraining financial support for highly polluting industries. Second, following the inclusion of Guizhou and Xinjiang in China’s first batch of Green Finance Reform and Innovation Pilot Zones, Chongqing and Gansu have also been integrated, which highlights the remarkable results of green finance development in the western region.
TABLE 9 | Green finance affects the regional heterogeneity of carbon emissions.
[image: A table displays regression results for three regions: Eastern, Central, and Western. Variables include "gref," "ind," "eco," "env," "open," "urb," "pop," and "fore," with values and standard errors listed. Regional and time fixed effects are marked as "Yes." Observations count as 66, 48, and 66, respectively. R-square values are 0.398, 0.365, and 0.432. Significance levels are indicated with asterisks, and clustering robust standard errors are noted.]5.2 Heterogeneity analysis based on financial development level
How does digital finance affect carbon emissions under different economic levels? Will there be significant differences? This section measures the level of financial development by the deposit to loan ratio of each province, and uses the median as the standard to divide high-level and low-level financial regions (Wang and Guo, 2022), exploring the impact of digital finance and green finance on carbon emissions at different levels of financial development. Table 10 gives the answers to these questions. We find that digital finance passes the significance test at the 1% level for carbon emissions in high-level and low-level financial regions, and whether it is a high-level financial region or a low-level financial region, industrial structure and environmental regulation are conducive to reducing carbon emissions. However, comparing the effect of carbon emission reduction of digital finance in high-level financial regions and low-level financial regions, it is found that digital finance has a more prominent role in carbon emission reduction in low-level economic development regions, which may be because emerging forms of financial services such as digital finance provide more opportunities for the development of low-financial level regions so that low-financial level regions can fully tap and enjoy the digital economic dividend, and then apply this dividend in carbon emission reduction work, to realize the double benefits of economy and ecology.
TABLE 10 | Results of the impact of digital finance on carbon emissions under different levels of financial development.
[image: A table comparing high-level and low-level finance. It lists variables such as digf, ind, eco, env, open, urb, pop, fore. Values with standard errors are shown for each variable, some with significance levels noted by asterisks. There are regional and time fixed effects present in both categories. Observations for high-level finance are 80 and for low-level finance are 160. R-square values are 0.495 and 0.486 respectively. Clustering robust standard errors are indicated.]Green finance realize low-carbon economic transformation. Financial resources are the core body of green finance and the critical factor for the continuous operation and development of microeconomic activities, and the effects of it on carbon emissions in different financial environment may differ. Table 11 indicates that green finance plays a role in mitigating carbon emission pollution in both high-level financial and low-level financial regions. The control variables of industrial structure, economic foundation, population density, level of openess to the outside world, and level of urbanization have a positive effect on suppressing carbon emissions. Still, the significance and absolute value of the regression coefficients of it in the sample group of lower levels of economic development are significantly more considerable than those in the sample group of higher levels of economy. The possible reason is that regions with lower levels of financial have lower eco-efficiency and more substantial financing constraints, and green finance promotes green technological innovation by guiding the rational flow of capital.
TABLE 11 | Results of the impact of green finance on carbon emissions under different levels of financial development.
[image: Table displaying regression results for high-level and low-level finance. Variables include gref, ind, eco, env, open, urb, pop, and fore with respective coefficients and standard errors. High-level finance shows significant values for ind, eco, urb, and pop, while low-level finance shows significance for gref, open, and pop. Both models include regional and time fixed effects, with R-squares of 0.404 and 0.410. Observations are 60 and 120 respectively. Significance levels are indicated by asterisks.]The results in Tables 8–11 fully illustrate the heterogeneity of the carbon emission reduction effects of two financial types in different regions and other financial levels in China, and Hypothesis four is verified.
Existing research on financial carbon reduction only considers regional heterogeneity caused by geographical differences in heterogeneity analysis, ignoring the impact of differences in financial development levels on the role of financial carbon reduction. Therefore, in the heterogeneity analysis section, this study comprehensively analyzed the carbon emission reduction effects of digital finance and green finance in the eastern, central, and western regions of China, as well as regions with different levels of financial development, based on geographical location and financial development level. The research results are consistent with the economic and financial development levels of different regions in China, which is conducive to formulating carbon emission reduction plans according to local conditions.
6 FURTHER ANALYSIS
6.1 Patterns of spatial evolution
The industrial structure of a region is a critical factor in determining the degree of carbon pollution. Since industrial agglomeration and uneven regional development are significant problems facing China’s economic development for a long time, there are bound to be specific spatial differences in carbon emissions per unit of output. In order to further observe the distribution of carbon emissions, digital finance, and green finance in different provinces of China, this study utilizes Arcgis to map the spatial evolution patterns of the three, respectively, as shown in Figures 2–7. Figures 2, 3 show the spatial pattern of carbon emission intensity of China in 2013 and 2020. We find that the intensity of carbon pollution in the northern region is significantly higher than in the southern region. In contrast, the intensity of carbon emission in the eastern coastal region is smaller.
[image: Map of China illustrating carbon emissions by region in 2013. Regions are shaded from light to dark red, indicating emission levels, with darker areas representing higher emissions. A legend provides numerical emission ranges corresponding to the shading. An inset shows a zoomed-out view of China's location.]FIGURE 2 | Spatial distribution of China’s carbon emissions in 2013.
[image: Map of China in 2020 showing provincial carbon emissions. Regions are color-coded: darkest red for highest emissions (over 181.04), lighter shades for lower emissions. Includes a legend and a compass rose.]FIGURE 3 | Spatial distribution of China’s carbon emissions in 2020.
[image: Map of China showing digital finance levels in 2013, with varying shades of orange and beige indicating different intensities. Eastern regions have darker shades, indicating higher digital finance levels. A legend and scale are included.]FIGURE 4 | Spatial distribution of digital finance in China in 2013.
[image: Map of China showing digital finance levels by province in 2020. Darker orange indicates higher digital finance, concentrated in eastern regions. Lighter shades appear in central and western areas. The map includes a legend and compass rose.]FIGURE 5 | Spatial distribution of digital finance in China in 2020.
[image: Map of China in 2015 showing green finance distribution by province. Provinces are shaded from light to dark green, indicating levels from under 0.12 to over 0.17. A legend and scale are included.]FIGURE 6 | Spatial distribution of green finance in China in 2015.
[image: Map of China titled "Green Finance in 2020" showing varying levels of green finance across provinces. Color gradients from light to dark green indicate increasing levels of green finance, with a legend detailing specific values. Provinces like Sichuan and Hebei are labeled. An inset map shows China's location in Asia.]FIGURE 7 | Spatial distribution of green finance in China in 2020.
Figures 4, 5 show the spatial distribution pattern of digital finance levels in different provinces in China in 2013 and 2020. From the perspective of time evolution, from 2013 to 2020, China’s overall digital finance level increased significantly, which also indicates that the digital economy based on digital technology injects new vitality into the traditional financial system and brings infinite dividends to the financial industry; from the perspective of spatial pattern, the level of digital finance in China’s southeastern coastal is significantly higher than that in the inland, and it shows a gradual decrease from the seaside to the inland. This spatial distribution result is consistent with that of China’s regions. The result of this spatial distribution is related to the economic foundation and the popularity of digital infrastructure. Generally speaking, the advanced location advantage and good economic foundation make the eastern coastal region more capable of taking the lead in enjoying digital dividends than the inland region to promote the optimization and enhance industrial and economic resilience.
The concept of “green finance” arose in the context of international governmental organizations restraining the financing of polluting projects and has gradually become an essential financial tool for countries to protect environment. Figures 6, 7 show the spatial distribution of the level of green finance in each region of China in 2015 and 2020. Figures 6, 7 show that the level of green finance in most regions of China has been improved, with the level of green finance in the northern region being particularly prominent, which is a particular fit with the spatial distribution of high-carbon emission industries. From the viewpoint of the time series evolution of green finance level from 2015 to 2020, most regions’ green finance level has improved.
6.2 Spatial correlation and dependence tests
We find that the carbon emission reduction effect of digital finance is more significant than that of green finance, reflecting that digital finance supported by technology will become the critical direction for China to realize the “dual carbon” goal. According to the “information hinterland theory,” the distribution of financial resources in China shows apparent spatial unevenness. In this section, we focus on digital finance to further test whether there is spatiality in the impact of digital finance on carbon emissions.
First, we test the spatial autocorrelation. In Table 12, the global Moran’s I in 2013–2020 pass the significance test, indicating that both digital finance and carbon emissions have strong spatial autocorrelation. Secondly, this study follows the rules of “specificity to generality” and “generality to specificity.” It combines the LM and LR tests to select the optimal model. The statistical results in Table 13 show that using the SDM is most suitable for this study. Finally, the Hausman test was used to select random or fixed effects, and it was found that this study needs to use the SDM model with both time and individual sets.
TABLE 12 | Global Moran’s I for core variables 2013-2020.
[image: Table showing yearly data from 2013 to 2020 for Digf and pCO2 with associated p-values. Digf values range from 0.101 to 0.149, all marked with three asterisks indicating significance at p < 0.01. pCO2 values decrease from 0.084 in 2013 to 0.047 in 2020. All associated p-values are below 0.005, except 2020 with p = 0.016. Significance levels are indicated by asterisks (* p < 0.1, ** p < 0.05, *** p < 0.01).]TABLE 13 | Spatial dependence test.
[image: Table displaying results of various statistical tests with columns for test type, z-value, and p-value. Tests include LM-Err, Robust LM-Err, LM-Lag, Robust LM-Lag, LR-spatial-error, LR-spatial-lag, and Hausman. Z-values range from 9.141 to 66.99, with all p-values indicating significance (≤0.009). Significance levels are marked with asterisks: *** p < 0.01, ** p < 0.05.]Regional linkage development has become the geo-economics development trend. Based on geographic proximity, the characteristics of digital financial inclusion and inclusiveness determine that there may be a specific spatial radiation effect, i.e., digital financial benefits can not only have an impact on the economic development of the region but also have a spillover effect on the economic development of the surrounding areas. In addition, carbon emissions are the primary source of pollution in heavily polluted industrial agglomeration areas, and the resulting air pollution has a robust spatial diffusion, seriously affecting the production and living activities of people. Therefore, we use the SDM to empirically test the “neighborhood effect” of digital finance on carbon emissions. In model one of Table 14, the spatial effect is assumed to be under the spatial geographic distance matrix, and we find that the spatial regression coefficient is −1.732 and passes the test of significance, which means that digital finance has apparent spatial effects on carbon emissions. In order to strengthen the reliability of this result, we replace the spatial geographic distance matrix in Model 1 with the spatial neighboring matrix and spatial economic distance matrix, respectively, and the results are reported in Models two and 3, respectively. We found that the correlation and significance of the spatial coefficients did not change either under the different matrix, and most of the control variables have passed the significance test for their impact on carbon emissions. Hypothesis five can be verified.
TABLE 14 | Results of spatial regression analysis.
[image: A table comparing three models: spatial geographic distance, spatial adjacency, and spatial economic distance matrices. Each model includes coefficients for variables such as "digf," "ind," "eco," "env," "open," "urb," "pop," "fore," and their weighted counterparts. Statistical significance is noted as *, **, and *** for p-values less than 0.1, 0.05, and 0.01, respectively. Each model includes regional and time fixed effects, with 240 observations. The R-square values are 0.326, 0.306, and 0.298 for models 1, 2, and 3, respectively.]Previous studies on spatial regression analysis mostly used only one matrix for testing, and the results lacked reliability. This study tested the spatial effect of digital finance carbon emission reduction under three different matrices, and the results obtained were basically consistent, fully demonstrating that the carbon emission reduction effect of digital finance has spatial spillover and is similar to the spatial test results of digital finance carbon emission reduction in some existing studies.
Since SDM contains the lag terms of the dependent and independent variables, the direct estimates in the model can not directly explain the real impact between the variables. It is necessary to decompose the spatial effects using the partial division method, and the results of the decomposition are shown in Table 15. From Table 15, we find that the total impact, direct impact, and indirect impact all pass the significance test. The correlation coefficients are all harmful, indicating that digital finance has a noticeable spatial carbon emission reduction effect. This result means that digital financial dividend can benefit the neighboring areas, inhibit the carbon emissions of the adjacent regions, and then alleviate the negative impacts on the socio-economic development. The digital financial dividend can benefit neighboring regions and curb carbon emissions, thus helping its adverse effects on social and economic development. Whether based on relevant theories or practical tests, the carbon emission reduction benefits of digital finance to the region are always more significant than the benefits to the neighboring areas, and this conclusion also reflects the significance of continuously improving the universality, inclusiveness, and sharing of digital finance.
TABLE 15 | Spatial effects decomposition results.
[image: Table displaying variables with their direct, indirect, and aggregate effects. Each effect is shown with a coefficient and standard error in parentheses. Significance levels indicated by asterisks: * for p < 0.1, ** for p < 0.05, *** for p < 0.01. Variables include digf, ind, eco, env, open, urb, pop, and fore.]7 RESEARCH CONCLUSIONS AND RECOMMENDATIONS
7.1 Conclusions
Excessive CO2 emission, as a significant threat to the global ecological environment, is a challenge of the times shared by all countries worldwide. Digital finance and green finance, as essential products in different eras, have changed the traditional financial model with technology and concept as the core, respectively, providing essential opportunities for green development. We empirically analyze the impact, mechanism of action, and heterogeneity results of digital finance and green finance on carbon emissions and compare the degree of contribution, respectively. Meanwhile, we further analyze the spatial effect of digital finance carbon emission reduction, which has a more substantial carbon emission reduction effect, as the main body. The study has several findings:
First, both digital finance and green finance have inhibited carbon emissions, and both can point out the direction for envirmental protection.
Second, digital finance mainly realizes carbon emission reduction through technological innovation, and the level of economic development plays an essential positive regulating role in the link of digital finance influencing technological innovation as well as in the whole transmission mechanism. Green finance centered on the green concept is more inclined to reduce pollution through industrial ecologization, in which the stronger the environmental regulation, the stronger the carbon emission reduction effect of green finance mediated by industrial ecology.
Third, due to the variability of geographic regions and the level of financial development, the carbon emission reduction effect of digital finance and green finance presents obvious heterogeneity. Fourth, finance and carbon emissions in China have obvious spatial geographic characteristics, and the inhibitory effect has a robust geographic radiation effect.
Compared with existing research, this study comprehensively compares the carbon reduction effects of digital finance and green finance, expands the boundaries of existing research, and draws research conclusions that further enrich existing research, which is beneficial for providing useful references for global carbon reduction work.
7.2 Recommendations
We proposes the following recommendations.
First, strengthen the construction of digital infrastructure and improve the universality and inclusiveness of digital finance. As an emerging financial model of information modernization, the inhibiting effect of digital finance on carbon emissions mainly comes from the popularization of digital financial technology. From the viewpoint of the spatial pattern of digital finance, there is apparent regional variability in digital finance, which mainly stems from the differences in the distribution of digital infrastructure. Efforts should be made to improve the digital infrastructure in less developed regions and rural areas to prevent them from falling into the “middle-level trap” and improve the accessibility and universality of digital infrastructure. At the same time, for the “digital refugee” groups arising from the digital divide, specific digital financial care models should be designed to expand digital finance coverage further and improve digital finance’s inclusiveness.
Second, improve the green finance system and unleash the carbon suppression potential of green finance. On the one hand, guiding financial institutions to expand the scale of green finance, innovate green finance products, enrich green financing methods, and provide a good green finance foundation for the green transformation and development of industries; On the other hand, establishing special credit projects for green finance to support energy conservation and emission reduction, increasing credit support, providing strong financial support for environmentally friendly enterprises, and stimulating the transformation and upgrading of the traditional energy industry.
Third, relying on digital technology to promote industrial optimization and upgrading and help traditional industries transform into a green economy. The government should publicize and popularize digital technology and application training, enhance the direct transmission effect of digital technology on industrial empowerment, and strengthen the positive driving effect on industrial transformation and upgrading. At the same time, micro-enterprises should dare to accept the challenges brought by new things, seize the critical opportunities brought by digital technology to improve the production efficiency of enterprises and realize the upgrading and modernization of traditional industries with the support of technological innovation.
Fourth, strengthen the flow of regional financial resources and enhance the synergy of cross-regional digital financial carbon suppression. In the process of the deep integration of digital finance and traditional finance, to give full play to the spillover effect of digital finance on carbon emission reduction, it is necessary to enhance the exchanges and cooperation of financial institutions in neighboring regions, and set up a unified platform for standard trans-regional early warning and pollution data sharing, so as to create multi-party cooperation and mutual support of the Low-carbon life circle, with the city circle as a pilot, to point and face, promote the whole country, strengthen the cross-regional flow of digital financial innovations, encourages the formation of spatial radiation effect of digital economic green economy effect.
Fifthly, the Government’s environmental regulation should be increased to enhance the synergistic emission reduction power of financial digitization and greening. Although the carbon emission reduction effect of green finance is weaker than that of digital finance, green finance has added an essential impetus to carbon emission reduction by guiding capital flow, in which government-led environmental regulation has strengthened the carbon emission reduction effect of green finance. Local governments should effectively utilize the information advantage of ecological management to strictly control carbon emissions by formulating command policies such as market access restrictions, total pollution control, and corporate emission standards. In addition, the Chinese Government should focus on the international carbon tax system and introduce incentive policies such as carbon tax specifically targeting carbon emissions at the right time, focusing on guiding the flow of financial resources from high-emission, heavily polluting traditional overcapacity industries to green and environmentally friendly strategic emerging industries, in order to strengthen further the synergistic carbon-suppression power of finance.
7.3 Limitations and future research
This study still has more deficiencies, which are worth exploring further. Firstly, in the analysis of carbon emission reduction mechanism of digital finance and green finance, we only analyze their respective carbon emission reduction mechanisms individually, and we do not explore the synergistic effect of both on carbon emission reduction, which is a critical content that needs to be deeply explored; Secondly, the whole study is carried out from a macro perspective, exploring the carbon emission reduction effects of digital finance and green finance through industrial adjustment or ecological improvement, but not yet considering how they affect micro households or residents’ lives and thus reduce carbon emissions, which provides potential space for future related research.
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The reduction of greenhouse gas emissions is a shared challenge encountered by nations worldwide. As China is on its way toward a green economy, it is worth studying whether producer services agglomeration, a key driver of economic transition, can promote low-carbon urban development. Using panel data of 257 cities across China from 2006 to 2019, this paper examines the influence of producer services agglomeration on urban carbon emissions with spatial econometric models. The findings reveal a positive spatial correlation in regional carbon emissions. The agglomeration of producer services notably decreases the intensity of local carbon emissions, yet it appears to have minimal influence on the emissions from adjacent regions. Enhancing energy efficiency and adjusting the industrial structure are two critical mechanisms by which producer services agglomeration reduces urban carbon emissions. This beneficial effect varies with city type, the abatement effect of producer services agglomeration is more pronounced in non-resource-based cities. When considering city size, the carbon reduction potential of producer services agglomeration is not apparent in smaller cities. As city size increases, the emission reduction effect becomes more apparent. However, in mega-cities, this impact is somewhat diminished. Accordingly, this paper proposes exploring methods of coordinated air pollution management across cities, promoting producer services agglomeration in line with market mechanisms, and driving low-carbon urban development in a manner tailored to local conditions.
Keywords: producer services agglomeration, industrial structure adjustment, energy efficiency improvement, carbon emission intensity, spatial model

1 INTRODUCTION
In light of global climate change, all nations are grappling with the substantial challenge of reducing greenhouse gas emissions. As of 2023, China has released 12.05 billion tons of carbon, making up 32.22% of the global CO₂ emissions total1. As the globe’s top carbon contributor, China’s ability to effectively balance economic expansion with environmental conservation is crucial to its sustainability and has far-reaching effects on global climate management. In this context, the high-tech and environmentally-friendly producer services sector is emerging as a significant player. In the “Eleventh Five-Year Plan” (2006–2010), the Chinese government first proposed expanding the producer services sector, refining and deepening the specialization of labor, and improving the efficiency of resource allocation. Since then, producer services have seen rapid growth and increased agglomeration. However, the relationship between the agglomeration of producer services (PSA) and urban carbon emissions remains unclear. This ambiguity gives rise to the central research question of this study: How does the PSA influence urban carbon emissions?
The producer services sector, spearheaded by industries such as finance, information services, and technology services, was spun off from manufacturing. Compared to traditional energy-intensive manufacturing, producer services generally require fewer physical inputs in their operations, leading to lower energy consumption and waste production. This sector is seen as greener due to its more sustainable practices. With the restructuring of China’s economy, the producer services have seen rapid growth, forming extensive agglomerations in the developed regions of eastern China and the national central cities. These conglomerates not only spark regional economic growth but also influence urban energy consumption patterns and the trajectories of carbon emissions.
PSA produces a series of environmental effects. While industrial agglomeration can promote resource efficiency through economies of scale, encouraging knowledge sharing, and aiding in the establishment and implementation of green technologies (Lan et al., 2021; Fan et al., 2023; Du and Zhang, 2023), it can also augment energy requirements (Zhao et al., 2021; Wu J. et al., 2021). Furthermore, the conglomeration of the service sector could intensify urbanization, leading to increased traffic congestion, real estate development, and lifestyle changes, all of which could significantly impact a city’s carbon emissions. Understanding the link between PSA and urban carbon emissions is vital for stimulating the growth of the producer services sector and for encouraging the establishment of green, low-carbon production and lifestyle habits.
This study empirically explores the research question by examining the influence of PSA on urban carbon emissions using spatial models. It evaluates the influence mechanism of PSA and examines the heterogeneity of its impact on carbon emissions. Through these endeavors, the paper seeks to assist China in enhancing the quality of PSA, crafting differentiated carbon reduction policies, and providing insights and guidance for achieving low-carbon development goals both in China and globally.
The structure of this research is organized for clarity and progression. Section 2 presents a literature review, setting the stage for the theoretical framework discussed in Section 3. Section 4 introduces the econometric model and describes the dataset used for analysis. Section 5 delves into the results, interpreting the estimations. Finally, Section 6 concludes the study, highlighting key findings and their policy relevance.
2 LITERATURE REVIEW
Prior studies have expounded on how elements such as urban development (Wang et al., 2021; Xiao et al., 2023), trade liberalization (Dou et al., 2021; Wang et al., 2024), environmental policy (Chen and Lin, 2021; Dong et al., 2022b), technological innovation (Suki et al., 2022; Dong et al., 2022), energy efficiency optimization (Mahapatra and Irfan, 2021; Li et al., 2022a), and industrial restructuring (Wu et al., 2021b; Zhao et al., 2022) can substantially impact regional carbon emissions. The correlation between industrial agglomeration and carbon emissions has been a common theme in research investigating the environmental impacts of industrial structuring, yet a definitive conclusion has not been reached. Much of the research posits that industrial agglomeration facilitates a decrease in carbon emissions through improved research and development (R&D), knowledge transfer and spillover effects (Yu et al., 2018; Lan et al., 2021). Conversely, some studies suggest that the growth of production scale caused by industrial concentration could expedite resource usage, thereby potentially contributing to a rise in carbon emissions (Wu et al., 2021a). The final impact may well depend on the equilibrium between these advantageous and disadvantageous effects, which implies a nonlinear relationship (He et al., 2019).
Producer services emerged from the manufacturing sector, later evolving and separating due to the outsourcing of non-essential functions by manufacturing industries. Research on PSA, an important form of industry agglomeration, has mainly focused on two aspects: its synergistic relationship with the manufacturing sector (Gao et al., 2020; Zeng et al., 2021; Xu et al., 2023; Yang and Shen, 2023) and its contributions to sustainable development (Li W. et al., 2022; Du and Zhang, 2023). Although some studies consider the impact of PSA on carbon emissions, these largely revolve around the manufacturing sector. For example, Jin et al. (2022) and Liu et al. (2022) illustrated how the carbon intensity and efficiency of the manufacturing industry can be improved by the advancement and agglomeration of producer services, respectively. Other research explores the impacts of the co-agglomeration of manufacturing and producer services on carbon emissions, but the findings have been inconsistent. Xiao et al. (2024) argue that this co-agglomeration leads to an improvement in carbon emission efficiency, while other studies suggest a nonlinear relationship (Xu et al., 2023; Meng and Xu, 2022).
So far, the direct impact of PSA on the environment remains underexplored. Only a few studies have addressed this issue. Zhao et al. (2021) reported that PSA might increase carbon emissions by promoting economic scale. Fang et al. (2022) investigated the factors influencing urban carbon emission efficiency, revealing that PSA could boost local carbon emissions efficiency and also enhance the carbon efficiency in nearby regions through demonstration effects. There is a need for more comprehensive research on the ecological effect of PSA. Moreover, further examination is needed to understand how PSA impacts the environment. Past research has studied PSA’s mechanisms, focusing on its scale, technology, composition, and demonstration effects (Zhao et al., 2021; Liu et al., 2022; Fanget al., 2022). Some study examined its relationship with industrial structures, indicating that modernization of this structure could help improve urban carbon productivity (Xu et al., 2023). Sun and Li (2022) found that PSA decreases technical efficiency locally, while this negative effect could be reduced by improving industrial structure. Still, the impact of PSA on carbon emissions through energy efficiency has not been fully explored. Additionally, exiting research is insufficient in examining the endogeneity between PSA and carbon emissions. Studies typically focus on how the supply of producer services affects city-level emissions. However, the correlation could also be reversed. Areas with high carbon emissions could suffer environmental degradation and resultant diminishing standards of living. This scenario may cause a migration of skills and businesses elsewhere, thus inhibiting the accumulation of the producer service sector. In contrast, if a city is burdened with elevated carbon emission levels, the government could incentivize the congregation of service industry businesses through tax benefits, financial aid, or infrastructural investment. These strategies could potentially reduce total carbon emissions. In these instances, a misleading link between PSA and carbon emissions might be discerned. Current literature aims to counter this issue of reverse causality by introducing a 1-year lag for PSA (Liu et al., 2022). However, forecasts of the forthcoming year’s emissions could influence government policies and workforce behavior within the current year. Consequently, the effectiveness of using lagged terms may not be particularly strong.
This paper aims to address the recognized lacunae in current research, offering several potential contributions. First, it introduces a fresh viewpoint. The productive service industry is characterized by high added value, high knowledge content, and a relatively low environmental impact. The emergence of PSA not only provides support and services to the manufacturing sector, enhancing its efficiency, but can also generate positive externalities that extend beyond their direct contributions to manufacturing. This work goes beyond the confines of manufacturing to directly assess how PSA influences urban carbon emissions. The findings indicate that PSA substantially lessens the carbon emission intensity in urban areas. Since direct carbon emissions in urban areas contribute to 85% of China’s overall carbon emissions (Shan et al., 2019), this work offers a novel perspective for formulating carbon reduction strategies in cities. Second, the paper analyzes the methods by which PSA aids in reducing urban carbon emissions from a novel perspective. It employs the SBM-DEA method to calculate the total-factor energy efficiency and productivity of cities. The results show that PSA contributes to carbon emission reductions by enhancing total-factor energy efficiency. This discovery extends the scope of existing academic discussions. Lastly, the study introduces a novel method to circumvent the endogeneity issues often seen in industrial agglomeration and emission studies. It uses the relief amplitude of various Chinese cities as an instrumental variable for PSA. Relief amplitude is sufficiently exogenous as an instrumental variable and does not directly impact urban carbon emissions intensity, thus providing a robust tool for the analysis.
3 THEORETICAL ANALYSIS
3.1 PSA and energy efficiency improvement
Recent research underscores the importance of energy efficiency in lowering emissions (Akram et al., 2020; He et al., 2021). Dense production and living arrangements can lead to more centralized energy usage, resulting in lower per-unit-area energy consumption (Glaeser and Kahn, 2010). Proque et al. (2020) and Fan et al. (2023) also found that, compared to dispersed production, concentrated production methods benefit from economies of scale, aiding in the reduction of energy use. In the context of PSA, the strategic consolidation of public infrastructure has led to a marked reduction in resource idleness and wastage, which are often a consequence of the geographical dispersion of enterprises. Specifically, the centralized layout of production facilities has reduced energy loss for lighting and heating, thus cutting unnecessary energy consumption. The geographic concentration of employees allows public transportation systems to operate on a larger scale, enhancing operational efficiency and reducing the energy required for commuting. Meanwhile, the shared mechanism of information technology resources effectively prevents redundant labor and resource waste during the R&D process, thereby not only saving on R&D costs but also accelerating the speed of innovation. These shared mechanisms reduce the resource consumption for producing the same quantity of products or services, improve overall energy efficiency, and propose a novel economic development model that emphasizes energy conservation and consumption reduction.
Moreover, the enhancement of energy efficiency heavily relies on advancements in technology (Li and Lin, 2018; Chen and Liu, 2021). Producer services are characterized as talent-intensive, knowledge-intensive, and technology-intensive, which contributes significantly to energy efficiency. Marshall and Guillebaud (1961) found that in areas with a high density of producer services, innovative resources are more concentrated, and the pace of technological advancement is quicker. Furthermore, knowledge-intensive enterprises are more likely to gain the advantage of technology spillovers in an agglomerated environment (Glaeser, 1999). PSA provides geographical convenience, allowing advanced energy-saving and emission-reduction measures to spread through spillover effects, thereby improving labor productivity and energy efficiency on a broader scale. Additionally, the production efficiency of input factors varies across different sectors, and this efficiency difference causes factor flows, with energy factors tending to shift from low-efficiency sectors to high-efficiency sectors. In this process, producer services can propel a comprehensive enhancement of energy efficiency within the agglomeration area.
Hypothesis 1. PSA reduces carbon emission intensity through enhancing energy efficiency.
3.2 PSA and industrial structure adjustment
The adjustment of industrial structure can shift away from an extensive development model, which is favorable for decreasing carbon emissions (Zhao et al., 2022; Zhu, 2022). The agglomeration of producer services is a result of the deepening social division of labor and economic structural adjustment, and the agglomeration will further promote the specialization of producer services, thereby facilitating the enhancement of the overall industrial framework. In economic activities, a significant portion of information is “non-standardized,” requiring effective transmission through face-to-face communication among professionals. PSA strengthens the sharing and accumulation of such “non-standardized information” in human capital (Grubel and Walker, 1989). This accumulation of professional talent, in turn, can enhance regional innovation and management capabilities, promoting the refinement of industrial structure (Cai and Xu, 2017). Furthermore, the agglomeration of producer services increases competition among firms. To capture market share, homogeneous producer service enterprises may reduce prices, which compels them to boost productivity. On the other hand, heterogeneous producer service enterprises are more likely to seek competitive advantages by enhancing technology, improving service quality, and introducing innovative products. This progression encourages the producer services industry to climb from low-end to high-end offerings, ultimately advancing the regional industrial structure.
Hypothesis 2. PSA reduces carbon emission intensity by enhancing the industrial structure.
4 METHODS AND DATA
4.1 Model specification
In this section, the study further explores how PSA impacts urban carbon emission intensity through empirical analysis. Influenced by natural conditions, geographic location, industrial transfer and technological spillover, emissions from different regions cannot be spatially isolated. Neglecting spatial correlation when studying regional carbon emissions may lead to inconsistencies between estimated and actual values. To address this, spatial models are utilized. Popular spatial models include the Spatial Lag Model (SAR), the Spatial Error Model (SEM), and the Spatial Durbin Model (SDM). Anselin et al. (2013) suggest that the SAR should be chosen when spatial dependence is a significant factor among variables, and the SEM should be selected when the error term is spatially correlated. The SDM, as detailed by Lesage and Pace (2009), is capable of handling both spatial lag and spatial error concurrently, with the SAR and SEM being its simplified variants. In the subsequent analysis, both the Likelihood Ratio (LR) test and the Wald test indicate that the SDM utilized in this study cannot be reduced to either the SEM or the SAR. Therefore, the SDM is selected for empirical analysis, and the model is constructed as follows:
[image: Mathematical equation depicting a model. It shows: \( \ln CEI_{it} = \rho \sum_{j=1, j \neq i}^{N} W_{ij} \ln CEI_{jt} + \beta \ln PSA_{it} + \gamma \sum_{j=1, j \neq i}^{N} W_{ij} \ln PSA_{jt} + \theta X_{it} + u_i + v_t + \epsilon_{it} \).]
where, [image: Mathematical expression showing "ln CEI" with subscript "it".], [image: Logarithm expression "ln PSA subscript it," with "ln" indicating natural logarithm, "PSA" as the variable, and "it" as subscripts representing indices or variables.] are the carbon emission intensity and producer services agglomeration for city [image: It seems there was an error in uploading the image. Please try again by ensuring the image is attached correctly. If you'd like, you can provide a brief description or context for further assistance.] in year [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL.], respectively. [image: It seems there was an error in your message, and the image was not uploaded. Please try to upload the image again, or provide more details or a link if applicable.] is the spatial lag coefficient. [image: Please upload the image or provide a URL, and I will help create the appropriate alt text for you.] is the set of control variables. [image: It seems like there's a misunderstanding. I don't have the image you're referring to. Please upload the image or provide a URL so I can assist you in creating the alternate text.], [image: The image shows the mathematical notation "v" with a subscript "t".], [image: It appears the image link or URL might be missing. Please upload the image or provide the image URL for assistance with creating alternate text.] are individual effect, time effect, and disturbance term, respectively. [image: It seems there's a mistake as no image was uploaded. Please upload the image or provide a URL for it, and I can help create the alt text.] is the spatial weight matrix and takes the form of:
[image: Formula describing \( W_{ij} \) as a piecewise function: \( e^{-ad_{ij}} \) if \( i \neq j \) and \( 0 \) if \( i = j \), labeled equation \( (2) \).]
Here, [image: The mathematical notation \( d_{ij} \), where "d" is a variable and "i" and "j" are subscripts, used to indicate a specific element in a matrix or a pairwise distance between points.] is the geographic distance between spatial unit [image: Mathematical representation of the imaginary unit, denoted as a lowercase italic "i," typically used in complex number equations.] and spatial unit [image: Please upload the image so I can help create the appropriate alt text for it.]. [image: It seems there is an issue with the image upload. Please try re-uploading the image or providing a URL. If you have a caption or description for context, feel free to add it.] is a coefficient that takes the reciprocal of the shortest distance between cities.
4.2 Data sources and variable selection
The sample period for this paper is from 2006 to 2019, and the subjects of the study are prefecture-level cities and above2. After excluding cities with significant data missing and those with fewer than 100,000 employees, a balanced panel data set comprising 257 cities over 14 years was selected as the analysis sample. All data are sourced from the China City Statistical Yearbook of the corresponding years. The following elucidates the choice of variables and the techniques employed to build the indices. Descriptive statistics for these variables are displayed in Table 1.
TABLE 1 | Descriptive statistics of variables.
[image: Table displaying statistical data for various variables. Each row lists a variable with the number of observations (3,598) along with its mean, standard deviation, minimum, and maximum values. Variables include lnCEI, lnPSA, lnTE, lnHD, lnSR, lnHUM, lnINV, lnFDI, lnpGDP, lnFD, and lnER. Mean values range from -4.627 to 4.584, and standard deviations range from 0.096 to 1.392.]4.2.1 Dependent variable
Carbon Emission Intensity (CEI). To eliminate the impact of regional economic scale, the CEI for each region is calculated by dividing the total carbon emissions of each city within a specific year by its corresponding GDP. The GDP data used in these calculations is adjusted to constant prices, using 2006 as the base year, to account for inflation. Since urban carbon emissions mainly arise from energy consumption, this study follows the methodology of Wu and Guo (2016), computing urban carbon emissions by estimating and aggregating the emissions produced from four energy sources: electricity, heat, natural gas, and liquefied petroleum gas. The calculation formula is represented as:
[image: Mathematical equation expressing that carbon dioxide (CO2) equals the sum of Cij, which equals the sum of Eij multiplied by fj, with equation labeled as number three.]
In Equation 3, [image: It seems like you are referencing a mathematical expression, not an image. The expression \( C_{ij} \) likely represents a matrix element or a component in mathematical notation where \( i \) and \( j \) are indices. If you need alt text for an image, please upload the image or describe it in detail.] is the carbon emissions resulting from the consumption of energy [image: Please upload the image you'd like me to describe by using the image upload feature.] in city [image: I can't provide alt text without viewing the image. Please upload the image or provide a URL so I can assist you further.], [image: Please upload the image or provide a URL, and optionally include a caption if you want specific context to be included in the alt text.] is the consumption quantity of energy [image: Certainly! Please upload the image or provide a URL, and I can help create the alt text for it.] in city [image: Lowercase letter "i" with a dot above, typically used in mathematics to represent the imaginary unit, equal to the square root of negative one.], and [image: Please upload the image or provide a URL, and I will create the alt text for you.] is the carbon emission coefficient of energy [image: It seems like there was an issue with uploading the image. Please try again by selecting the image and uploading it. You can also add a caption for additional context if you like.].
4.2.2 Core explanatory variable
The level of producer services agglomeration (PSA). The primary methods for measuring the degree of PSA include location entropy, the Herfindahl index, and the spatial Gini coefficient. Compared to other methods, location entropy adjusts for the impact of regional scale differences, thereby more accurately reflecting the spatial distribution within smaller areas. Consequently, location entropy is used to measure PSA in this study. Following Fang and Zhao (2021), the producer services are categorized into seven sectors,3 and the number of individuals employed in these sectors is used as the basic indicator4.
[image: Equation for the proportional specialization advantage (PSA), expressed as PSA subscript i equals the ratio of two fractions. The numerator is E subscript i,j divided by the sum of E subscript i,j over j. The denominator is (the sum of E subscript i,j over i) divided by (the sum of the sums of E subscript i,j over both i and j). Equation labeled as number four.]
In Equation 4, [image: It seems there is no image uploaded. Please provide an image or a URL, and I can create the alt text for you. If there is a specific element you need described, please provide further details.], [image: Summation notation showing the sum of \(E_{ij}\) with respect to the index \(j\).] represent the employment in producer service sectors and the total employment in city [image: Illustration of a lowercase letter "i" with an accent mark. The accent mark is positioned directly above the letter, giving the appearance of "í".], respectively; [image: Summation notation representing the sum of \(E_{ij}\) over the index \(i\).], [image: Double summation notation where the inner sum is over index \( j \), and the outer sum is over index \( i \), applied to the element \( E_{ij} \).] represent the employment in producer service sectors and the total employment in all cities, respectively. This is a positive index, a higher value corresponds to a greater concentration of producer service sectors.
4.2.3 Mechanism variables
4.2.3.1 Total-factor energy efficiency (TE)
This is estimated using the SBM-DEA model that includes undesired outputs. Specifically, an optimal frontier is established using a non-parametric method. This frontier represents the most efficient production possibility based on the given inputs and outputs. The actual performance of each Decision Making Unit (DMU) is then compared against this optimal frontier to determine its relative efficiency. Assuming there are [image: Please upload the image so I can provide the appropriate alt text.] DMUs, each of them consumes [image: Please upload the image or provide a URL so I can help create the alt text for it.] inputs, produces [image: Please upload the image or provide a URL so I can create the alternate text for you.] desired outputs, and [image: Please upload the image or provide a URL for me to generate the alternate text.] undesired outputs. The corresponding vectors are [image: Mathematical expression showing a matrix \( X = (x_{ij}) \) belonging to the space of non-negative real numbers \( \mathbb{R}_{n \times m}^{+} \).], [image: Mathematical expression showing \(Y^g = (y_{ij}^g) \in \mathbb{R}_{u \times m}^+\).], [image: Mathematical expression showing \( Y^b = (y^b_{ij}) \in \mathbb{R}^{+}_{v \times m} \), indicating a matrix of non-negative real numbers with dimensions \( v \times m \).]. Then the set of production possibilities can be articulated according to Equation 5:
[image: Mathematical expression defining a set \( P(x) \) with elements \((x, y^a, y^b)\) such that \(x \geq X \lambda\), \(y^a \leq Y^a \lambda\), \(y^b = Y^b \lambda\), the sum from \(i=1\) to \(m\) of \(\lambda_i\) equals 1, and \(\lambda \geq 0\). Equation is labeled as (5).]
Where [image: Please upload the image you would like me to describe or provide a URL link to it.] is the weight of each cross-sectional observation. For a specific DMU, the efficiency score [image: Please upload the image or provide a URL, and I will create the alt text for you.] is obtained by solving the following linear programming problem:
[image: Mathematical equation showing theta equals the minimum of a fraction. The numerator is one minus one over n times the sum of s sub i from i equals one to n, divided by x sub j zero. The denominator is one plus one over u plus v times the sum of s sub j g from j equals one to u divided by y sub j g zero, plus the sum of s sub j b from j equals one to v divided by y sub j b zero. The formula is labeled as equation six.]
[image: Mathematical expression describing a system of equations with constraints: \(x_0 = X \lambda + s^+\), \(y_0 = Y \lambda - s^-\), and \(y_0 = Y \lambda + s^+\), subject to \(\lambda, s^+, s^- \geq 0\).]
Where [image: Mathematical expression showing "s" with a superscript minus sign and "s" with a superscript "b".] and [image: Please upload the image or provide a URL so I can create an appropriate alt text for it.] are the slack variables of inputs, undesirable outputs and desirable outputs, respectively. In this article, each city is considered as a DMU, and the input indicators used include labor input, capital input, and energy input. Labor input is represented by the count of individuals employed in each city; capital input is estimated using the perpetual inventory method with 2006 as the base year; energy input is calculated using the night light simulation index. The expected output is the constant-price GDP of each city, again with 2006 as the reference year; whereas the unexpected outputs are SO₂ and CO₂ emissions. Given these assumptions, Equation 6 is solved to obtain [image: Please upload the image or provide a URL so I can create the alt text for you.], which is the total-factor energy efficiency.
4.2.3.2 Industrial structure rationalization index (SR)
Han et al. (2017) measured the rationality of the industrial structure based on structural deviation and the proportion of output from various industries. The formula is as follows:
[image: Mathematical equation labeled as equation seven. It defines IS as the sum from j equals one to three of a fraction containing three terms: Y sub j over Y, times Y sub j over L sub j, all divided by Y over L, minus one.]
In Equation 7, [image: Please upload the image or provide a URL for me to create the alt text.] is output, [image: If you upload an image or provide a URL, I can help create alt text for it.] is labor input, [image: Please provide the image or a URL to it, and I will help create the alternate text for you.] is the industry ([image: It seems there was an error or the image wasn't uploaded. Please try uploading the image again, and I'll be happy to help with the alternate text.] = 1,2,3). When the productivity levels of all sectors are the same, that is, [image: Mathematical equation displaying \( Y_j / L_j = Y / L \).], the economy is in a state of equilibrium, and the level of industrial structure rationalization is at its highest; at this point, IS = 0. Conversely, the further the economy deviates from the state of equilibrium, the less rational the industrial structure becomes, and the greater the value of IS.
As IS is an inverse indicator, a higher value of IS indicates a lower degree of industrial structure rationalization. In this paper, we take the reciprocal of IS, which makes the explanation of the empirical results in the subsequent text more convenient. The index is constructed according to Equation 8:
[image: SR equals 1 divided by IS equals 1 divided by parentheses the sum from j equals 1 to 3 of open bracket Y sub j over Y close bracket times open bracket Y sub j over L sub j close bracket divided by parentheses Y over L close parentheses minus 1 close parentheses equation 8.]
4.2.3.3 Industrial structure adjustment magnitude (HD)
Following Findeisen and Südekum (2008), it is calculated by the intensity of the re-allocation of employed personnel among industries. The calculation process is as follows:
[image: Equation showing \(HD_t\) as a function of \(e_i\). It includes a summation from \(i = 1\) to \(n\) of \([e_i(j+1) - e_i(j,t)]\), subtracted by \([e_i(t+1) - e_i(t)]\), all divided by \(e_i(t)\). It is labeled as equation \(9\).]
In Equation 9, [image: Mathematical expression showing \( e_i(j, t+1) \), indicating a function or variable dependent on indices \( j \) and \( t \), incremented by one.], [image: It seems there is an issue with the image you are trying to upload or reference. Please try uploading the image again or provide a clear description or URL. If you have a caption or additional context, feel free to include that as well.] represent the number of employees in industry [image: Please upload the image or provide a URL for me to create the alt text.] in city [image: It looks like there was an issue with the image upload. Please try uploading the image again or provide a URL, and I will help you create the alternate text.] at time [image: It seems like there's a misunderstanding. Please upload the image or provide a URL so I can help create alt text for it.] and [image: It seems like there was an issue with uploading the image. Please try uploading it again or provide a URL or caption for additional context.], respectively. [image: Mathematical expression displaying "e sub i" at time "t plus 1", typically used to represent an indexed variable or function in a time sequence.], [image: I'm sorry, I can't see the image you are referring to. Please upload the image or provide a URL so I can help you create the alternate text.] are the total number of employees in city [image: It seems there's no image visible. Please try uploading the image again, and I can help you create the alt text for it.] at time [image: Please upload the image or provide a URL, and I will help create the alternate text for it.] and [image: Please upload the image or provide a URL to create the alternate text.], respectively. This index is a positive indicator.
4.2.4 Control variables

	(1) Human Capital (HUM) facilitates the dissemination of knowledge and the generation of innovative ideas. The creation of advanced technologies can reduce energy consumption by increasing production efficiency, thereby reducing carbon emissions. Therefore, HUM is used as a control variable and quantified by the ratio of university students per 10,000 individuals.
	(2) Physical Capital Investment (INV) not only expands the economic scale but also increases energy consumption, thereby affecting carbon emission intensity. Hence, this indicator is introduced as a control variable and is gauged by the ratio of fixed asset investment to GDP.
	(3) Foreign Direct Investment (FDI) is determined by its proportion in relation to GDP. The impact of FDI on carbon emission intensity is complex. On one hand, FDI can stimulate regional economic growth, potentially increasing energy consumption and carbon emissions. On the other hand, FDI can lead to technology spillovers, promoting the optimization of regional industrial structures, potentially reducing carbon emissions.
	(4) Economic Development (pGDP), a significant driver of carbon emissions, is included as a control variable and quantified by per capita GDP.
	(5) Financial Development (FD) has a dual effect on carbon emissions. It can increase carbon emissions by stimulating demand and energy consumption. Simultaneously, it can reduce emissions by facilitating structural adjustments and promoting cleaner production methods. Hence, it is set as a control variable and measured by the ratio of year-end balances of loans and deposits in financial institutions to GDP.
	(6) Environmental Regulation (ER) reflects the commitment of local governments to sustainable development and can influence regional carbon emission behaviors. ER is calculated by using Python to tally the occurrence of environmentally related terms in the annual reports of provincial governments. The resulting figure is then adjusted by the output value share of secondary industries in each city within the province for that year.

5 EMPIRICAL RESULTS AND ANALYSIS
5.1 Spatial correlation test
Prior to utilizing the spatial econometric approach, it is crucial to initially examine the spatial correlation of the dependent variable. Currently, the most widely used test for this purpose is Moran’s I.
[image: Formula for spatial autocorrelation index I, showing a ratio: the numerator is the sum of weight \( w_{ij} \) times the product \((x_i - \bar{x})(x_j - \bar{x})\), and the denominator is \( S^2 \) times the sum of all \( w_{ij} \).]
In Equation 10, [image: Please upload the image or provide a URL so I can help create the alt text. If you have any specific details you would like to include, please mention them.] is the sample variance, [image: Mathematical notation showing the lowercase letter "w" with subscripts "i" and "j".] is the spatial weight matrix. Moran’s I values range from −1 to 1, with the magnitude indicating the strength of the spatial correlation of the variable in question. According to the results presented in Table 2, the Moran’s I values for the intensity of carbon emissions in Chinese cities from 2006 to 2019 are all positive and highly significant, with a noticeable rise in spatial dependence. This means that cities exhibiting high carbon emission intensity are typically neighbored by regions with comparable emission levels. Conversely, cities with low emission intensity are typically near regions with low emissions as well. This pattern of spatial correlation signifies the appropriateness of employing a spatial model.
TABLE 2 | Results of Moran’s I test for China’s urban carbon intensity, 2006–2019.
[image: Table displaying Moran's I and Z-Statistic values for the years 2006 to 2019. Each year is listed with corresponding Moran's I, marked with significance levels (e.g., *** for p < 0.01), and Z-Statistic values. Prepared using STATA 16 software.]5.2 Regression results and analysis
To identify the most suitable estimation form of the spatial model, the Lagrange Multiplier (LM) test, the Likelihood Ratio (LR) test, the Wald test, and the Hausman test are conducted sequentially on Equation 2, following the methodology proposed by Elhorst (2014). The findings reveal that both the LM-lag and LM-error are statistically significant at the 1% level, suggesting a preference for the spatial model over the OLS model. Moreover, the LR and Wald tests provide strong evidence against simplifying the SDM to either the SAR or SEM. Additionally, the Hausman test favors fixed effects over random effects. Consequently, a two-way fixed effects SDM is used for analysis. Results from the OLS, SAR, and SEM models are also presented for comparison.
Table 3 shows that the coefficients of PSA are always negative across various models and are statistically significant at the 1% level. This suggests that when producer services cluster together, they create beneficial external effects that significantly lower carbon emission intensity in urban areas. Moreover, the spatial lag coefficient [image: Please upload the image or provide a URL so I can generate the alt text for you.] is significantly positive, implying a positive spatial correlation or interdependence of carbon emissions among cities in China. This observation underscores the importance of regional collaboration in addressing environmental issues. Further, Wx × lnPSA coefficient is not significant, suggesting that the local development of PSA has minimal influence on carbon emission reduction in adjacent regions. A possible explanation is that China’s productive service clusters are predominantly led by government policies, rather than market forces. This approach has somewhat affected the clusters’ competitiveness, has not effectively facilitated the exchange of talent, knowledge, and technology, and has thus weakened the positive effects on carbon emissions in neighboring areas.
TABLE 3 | Baseline results.
[image: A data table compares five statistical models: OLS, SAR, SEM, SDM, and SDM [Wx] using variables: lnPSA, lnHUM, lnINV, lnFDI, lnpGDP, lnFD, lnER, and λorp. Each cell contains coefficients with t-statistics in parentheses. Stars (*) indicate significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01. Time fixed and city fixed effects are included for OLS, SAR, and SEM models. The sample size is three thousand five hundred ninety-eight across all models.]Regarding the control variables, the inhibitory effects of increased human capital and physical capital on carbon emissions are significantly positive. This may be because skilled individuals and environment-friendly investments contribute to cleaner production, which, in turn, promotes regional decarbonization and sustainable development. Foreign direct investment, economic development, and financial development significantly increase local carbon emission intensity while reducing that of neighboring regions. This could be because the substantial inflow of foreign capital, accelerated economic growth, and rapid financial expansion collectively consume a large amount of natural resources, thus negatively impacting the local ecological environment. However, foreign capital and economic development can bring advanced knowledge and technology, which may spread to neighboring regions, resulting in a decrease in the carbon emission intensity of these areas. Environmental regulations may reduce urban carbon emissions by compelling businesses to use clean energy sources, adopt emission reduction technologies, and by raising public awareness of low carbon practices. The environmental regulation coefficient is not statistically meaningful, potentially due to the diverse intensity of environmental regulation enforcement across various cities.
5.3 Robustness test
To confirm the solidity of the aforementioned analysis, the subsequent methods were employed: (1) Replacing the spatial weight matrix. Since connections between spatial units may be influenced by not only geographic distances but also by regional economic activity, a combined weighting matrix incorporating geographic location and economic linkages is constructed. Equation 1 is then re-estimated. The matrix is in the form of [image: Mathematical formula showing weighted edge calculation: \( W_{ij}^{e} = \left(\overline{Y_i} \times \overline{Y_j}\right) / d_{ij}^2 \).], with diagonal elements taking 0. Where [image: If you have an image to which you require alternate text, please upload the image or provide a URL. If it is a mathematical symbol or text-based content that needs description, please specify that further.] and [image: Mathematical notation showing the symbol "Y" with a subscript "j".] are average values of GDP per capita for city [image: Please upload the image or provide a URL for me to create the alt text.] and [image: Please upload the image or provide a URL so I can create the alternate text for you.], respectively, during the observation period. (2) Altering the core independent variable. Narrowing the scope of producer services, and the main regression model is then retested5. (3) Changing the dependent variable. Urban carbon emission intensity is recalculated as per capita carbon emissions, and the main regression model is reapplied. The outcomes of the robustness tests are presented in the initial three columns of Table 4, demonstrating that the impact of PSA on urban carbon emission intensity is consistent with the findings from the primary model.
TABLE 4 | Robustness of baseline results.
[image: A table with six columns labeled (1) to (6) presents regression results. Each column reports coefficients and t-values for "lnPSA" and "ρ." All results include controls, time fixed effects, and city fixed effects. Asterisks indicate statistical significance levels: "***" for 0.1%, "**" for 1%, and "*" for 5%. The sample size (N) is provided for each model, with most having 3,598 observations, except columns (4) and (6) with 3,341.]To relieve the potential issues of reverse causality and omitted variables between PSA and carbon emissions intensity, the following methods are used for endogeneity testing: 1) First-order lag of PSA. While the likelihood of reverse causality—where urban carbon emission intensity affects the PSA—is relatively low, it is crucial to note that elevated carbon emission intensity could negatively impact the inflow of talent, capital, and technology into urban areas. This effect, often referred to as the crowding-out effect, could subsequently influence the degree of PSA. To mitigate potential bidirectional causation issues, this study substitutes PSA with its first-order lagged value and retest the main model. 2) Instrumental variable method. This method uses relief amplitude as an instrumental variable for PSA. Relief amplitude is a crucial factor in urban construction, as areas with significant relief are unsuitable for housing and CBD development. Underdeveloped CBDs and public service infrastructures can further hinder the clustering of high-tech industries. Moreover, relief amplitude is sufficiently exogenous to serve as an instrumental variable and does not directly impact urban carbon emissions intensity. 3) A dynamic SDM. The dynamic panel model includes the core dependent variable’s value from the previous period as a regressor. Since the lagged dependent variable captures the influence of unaccounted variables, accounting for it mitigates the bias due to omitted variables to a certain degree. The regression outcomes, detailed in the final three columns of Table 4, illustrate that after addressing a range of endogeneity issues, PSA continues to be a significant element in diminishing urban carbon emission intensity.
5.4 Heterogeneity test
The above empirical analysis shows that PSA can notably reduce the intensity of urban carbon emissions. However, it is crucial to acknowledge that cities in China vary in size and do not follow the same development path. To account for these differences, the following heterogeneity tests are conducted.
5.4.1 Variations in resource dependency
China is a vast country with diverse resource endowments across regions, and the developmental paths of cities rich in resources differ significantly from those lacking them. In line with the classification provided by the National Sustainable Development Plan for Resource Cities (2013–2020), this study categorizes the sample of 257 cities into 99 resource-based and 158 non-resource-based cities. Table 5 reveals that in non-resource-based cities, PSA notably reduces carbon emission intensity. However, this positive effect is not as prominent in resource-based cities. This difference can be attributed to two factors. First, resource-based cities are less constrained by natural resources, resulting in insufficient motivation to improve energy efficiency. Second, resource-rich areas tend to develop resource-intensive industries and have formed path dependence, resulting in low efficiency of structural adjustment. These two factors together impede the carbon reduction process in resource-based cities.
TABLE 5 | Heterogeneous impacts.
[image: A table displays data comparing resource-based cities with different city sizes regarding lnPSA and ρ values, controls, and fixed effects. Columns are resource-based city (Yes, No) and city size (Small, Medium, Large I, Large II). Rows show lnPSA values with significance levels marked by asterisks and corresponding statistical figures in parentheses, ρ values with similar markings and figures, along with controls, time fixed, city fixed indicators marked as Y, and sample sizes (N).]5.4.2 Variations in city size
The impact of PSA varies with the size of the city. Following the Notice on Adjustment of City Size Classification Criteria issued by the State Council in 2014, sample cities are divided into four groups based on the number of permanent residents within each city’s municipal district at the end of the year. These groups include large cities I (with populations of 3 million and above), large cities II (with populations ranging from 1 million to 3 million), medium-sized cities (with populations between 5,00,000 and 1 million), and small cities (with populations of 5,00,000 and below).
As depicted in Table 5, PSA can substantially decrease the carbon emission intensity in medium and large cities. Conversely, it appears to increase the same in small cities. This discrepancy may be due to the insufficient market size in small cities, which prevents the formation of a “clustering effect.” Additionally, small cities often suffer from duplicated construction and low-level infrastructure development. This results in resource misallocation and efficiency distortion, which in turn increases the carbon emission intensity. As a city expands in size, the total demand for producer services also increases. As a result, PSA exerts a more significant influence in curbing carbon emissions. It's important to highlight that in large cities I, the advantageous impact of PSA has lessened. Gao and Yuan (2020) argue that this is because the agglomeration of inefficient and homogeneous producer service enterprises in mega-cities leads to resource congestion and energy waste, which ultimately undermines the effectiveness of carbon emission reduction efforts.
5.5 Mechanism test
5.5.1 Energy efficiency improvement
PSA actively promotes the sharing of knowledge and the spread of technology, encouraging regions to adopt cleaner production technologies to optimize their energy use. Moreover, the centralized production approach leads to economies of scale, which, in turn, reduce the resource input required for each unit of output, consequently enhancing regional energy efficiency. Heterogeneity analysis demonstrates that PSA’s effect on curbing carbon emissions is more pronounced in cities that do not rely on natural resources. The mechanism of energy efficiency is probably a crucial factor in this observed phenomenon.
The significant role of energy efficiency in influencing carbon emission levels is underscored. To this end, Table 6 offers a detailed regression analysis that isolates and examines the impact of PSA on energy efficiency. Column 1) reveals the impact of PSA on total-factor energy efficiency. The coefficient of PSA indicates that a 1% increase in PSA can enhance total-factor energy efficiency by 0.0815%. In Column 2), single-factor energy efficiency is examined in place of total-factor energy efficiency. This measure of energy efficiency is quantified by the amount of standard coal consumed per unit of GDP, commonly referred to as energy intensity (SE). The results indicate that with a 1% rise in PSA, the energy input per unit of output decreases by 0.0854%. Furthermore, the SMB-GML method is employed to calculate the green total factor productivity (GTFP) of each city. This measurement employs the same inputs and outputs as those used in the assessment of total-factor energy efficiency. GTFP is then decomposed into technical progress (TC) and technical efficiency (EC). Technical efficiency (EC) reflects changes in efficiency resulting from alterations in management, technology, production scale, and other factors, providing a comprehensive assessment of resource efficiency. Technical efficiency (EC) is regressed in Column 3), and the conclusions remain consistent. This implies that PSA can effectively enhance energy efficiency, thus Hypothesis 1 is verified.
TABLE 6 | Results of the mechanism test for energy efficiency.
[image: A table presents statistical results with three columns labeled lnTE, lnSE, and lnEC. Rows include lnPSA values (0.0815, -0.0854, 0.0455) with significance indicators, and ρ values (0.2721, 0.0918, 0.2245) with t-statistics. Controls, time fixed, and city fixed are marked "Y" for yes. Sample size (N) is 3,598 for each column.]5.5.2 Industrial structure adjustment
The adjustment of industrial structure involves two aspects. Firstly, it entails the transition of the dominant industry from the primary sector to the secondary and tertiary sectors within the three major industry categories. Secondly, it involves the replacement of outdated technologies with high-tech alternatives within each industry. A significant amount of research has confirmed the beneficial effect of industrial structure modification on reducing carbon emissions. Therefore, this work reports only the effect of PSA on industrial structure adjustment.
Table 7 shows that the coefficient of PSA is positive at the 1% level when the dependent variable is the industrial structure rationalization index (SR). This result remains consistent when SR is advanced by one period. This suggests that PSA helps to intensify market competition, reduce transaction costs, and promote the effective allocation of production factors within and across industries, thereby promoting the economy towards a more rational industrial structure. Meanwhile, PSA can enhance the division of labor, optimize the business environment, and attract highly skilled talent. This significantly bolsters the modernization of conventional industries and the growth of emerging industries, thereby increasing the magnitude of regional industrial restructuring. Replacing the dependent variable with the industrial structure adjustment amplitude (HD), the results indicate that with each 1% rise in PSA, the industrial structure adjustment amplitude increases by 0.0411%. This suggests that PSA can accelerate economic structure transformation. Hypothesis 2 is verified.
TABLE 7 | Results of the mechanism test for structural adjustment.
[image: A table displays regression results with columns labeled lnSRt, lnSRt+1, lnHDt, and lnHDt+1. Rows include lnPSA with coefficients 0.2757, 0.2158, 0.0411, and 0.0156, followed by their t-statistics in parentheses. The next row shows ρ with values 0.2389, 0.2262, 0.1313, and 0.1391. Controls, Time fixed, and City fixed rows show 'Y' for all columns. The sample size (N) row lists 3,598 and 3,341 for the respective models, with asterisks indicating significance levels.]6 CONCLUSION
This study utilizes data from 257 Chinese cities between 2006 and 2019, and applies a spatial econometric model to explore how PSA impacts the intensity of urban carbon emissions. The results indicate that spatial spillover effects are crucial to understanding patterns of carbon emissions, with high-emission regions often adjacent to others with similarly high levels. PSA can significantly decrease the intensity of local carbon emissions by promoting energy efficiency and refining the industrial structure. However, the absence of effective mechanisms for skill and technology exchange between regions limits the broader impact of local PSA on surrounding area emissions. When considering variations between cities, cities rich in resources may have developed a kind of path dependence, which diminishes the mitigation effects of PSA. Meanwhile, smaller cities might suffer from the duplicated and low-level of construction, leading to an increase in carbon emission intensity. Consequently, the positive effects of PSA on reducing carbon emissions are more evident in non-resource-based cities, as well as in medium-sized and Type II large cities.
These findings yield several significant policy implications. First, there should be a focus on the regional overflow consequences of carbon emissions. Environmental governance framework should break through the restrictions of administrative boundaries, explore a collaborative approach to air pollution management across cities, and promote regional linkage for the transition to low-carbon cities. Second, market mechanisms should be adhered to as the main driver, supplemented by government policy support, to strengthen the construction of producer services clusters. Establish an educational and training cooperation network within the region, promote the circulation of expertise and technological interchange, and accelerate the promotion and application of low-carbon technologies. Third, enhance the sharing of information and infrastructure within clusters to form a scaled factor market and promote energy efficiency improvements. At the same time, optimize the quality of producer services, continuously innovate services and products, and elevate the producer services industry from low-end to high-end, promoting industrial structure optimization. Fourth, formulate differentiated low-carbon development plans according to city types. Resource-based cities can reduce their dependence on traditional resources by introducing and developing circular economies and clean energy industries. Meanwhile, large cities should control the excessive expansion of the producer services industry to avoid redundant construction, whereas medium-sized cities can accept the industrial transfer from large cities by establishing industrial parks, business centers, and other means. Small cities can develop suitable clusters for producer services by identifying their unique advantages and potential for development. For example, they can become outsourcing centers for specific service businesses or develop into professional service centers for certain industries. Such strategies can prevent the environmental negative impacts that may arise from blindly developing clusters of producer services.
It should be noted that this study has certain limitations, primarily due to the difficulty of acquiring data. The research relies chiefly on a sample of urban macro data for empirical analysis. Moreover, data concerning the number of people employed in various industries in Chinese cities post-2020 is unavailable, which may affect the timeliness and relevance of the policy implications derived from this study. Looking towards future research directions, the COVID-19 pandemic has popularized the remote work model, which could potentially change the agglomeration patterns of productive service industries, thereby indirectly affecting the intensity of urban carbon emissions. On the one hand, with the spread of remote work, employees no longer need to be in the same location to perform their jobs. This could significantly decrease the demand for commuting, potentially reducing urban traffic carbon emissions. On the other hand, remote work may increase the reliance on data centers, which could, in turn, increase their energy use and thereby elevate carbon emissions. The specific effects of these impacts may vary depending on the region and the industry. Therefore, more research is necessary to more comprehensively understand the impact of these changes on carbon emissions.
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FOOTNOTES
1Data sourced from the CO₂ Emissions in 2023 published by the International Energy Agency (IEA).
2The China City Statistical Yearbook stopped releasing employment figures categorized by industry after 2019. Therefore, given the research requirements and the constraints of data availability, the sample period is set from 2006 to 2019.
3The seven producer service sectors are: transportation, warehousing and postal services; information transmission, computer services and software industry; financial industry; rental and business services industry; scientific research, technology services and geological exploration industry; wholesale and retail industry; water conservancy, environmental and public facilities management.
4Given producer service sectors are mainly concentrated in municipal districts, this study is based on persons employed in municipal districts rather than the entire city.
5Only five producer service sectors are considered here, they are: transportation, warehousing and postal services; information transmission, computer services and software industry; financial industry; rental and business services industry; scientific research, technology services and geological exploration industry.
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This study investigated the impact of the Belt and Road Initiative (BRI) on reducing smog pollution in key provinces along the route. Utilizing data from 284 prefecture-level cities in China from 2007 to 2018, this study adopted a propensity score matching-difference-in-differences approach, and conducted a series of robustness checks. The results indicate that the BRI has overall reduced particulate matter with aerodynamic diameter less than 2.5 µm (PM2.5) levels in key provinces along the route, and robustness checks find consistent results. Dynamic effect tests reveal a significant reduction in the annual average PM2.5 levels in key provinces along the route after the BRI was implemented in 2014. Tests on underlying mechanism find that the BRI mainly reduced PM2.5 levels in key provinces along the route by promoting technological innovation and optimizing industrial structure. Furthermore, heterogeneity tests find that the BRI significantly reduced PM2.5 levels only in cities of key provinces along the Silk Road Economic Belt, with variations in significance due to regional differences, city administrative levels, and marketization. In addition, the BRI has enhanced green total factor productivity in key provinces along the route by reducing PM2.5 levels. This study enriches research on the economic consequences of the BRI in terms of environmental protection, and also provides empirical support for the construction of the green “Belt and Road.”
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1 INTRODUCTION
The Belt and Road Initiative (BRI) was proposed in 2013. The initiative aims at promoting policy coordination and the connectivity of facilities, unimpeded trade, financial integration, and a people-to-people bond in the international community (The State Council Information Office of China, 2020). The BRI aims to forge new paths of win-win cooperation and mutual development through enhanced bilateral and multilateral relations among participating countries (Huang, 2016). Despite its ambitious goals, the BRI has been met with skepticism, due to concerns over its potential motives behind China’s increasing foreign investment and the extensive relocation of China’s production capacities to participating countries. Critics are concerned that the BRI might result in transfer of high-polluting, high-carbon-dioxide-emission, and energy-intensive industries to less developed participating countries along the route, exacerbating environmental pollution (Li S. et al., 2022; Liu and Ma, 2023).
A great deal of research pertains to the BRI’s effect on economic development in various aspects of trade, overseas direct investment, financing, industry upgrading, corporate innovation, and economic growth (Du and Zhang, 2018; Ramasamy and Yeung, 2019; Wang and Lu, 2019; Xu S. et al., 2019). However, there have been few attempts to evaluate the effect of the BRI on China’s environment, particularly on smog pollution, a severe air pollution problem in China. Several questions loom especially large. As a developing country, China have suffered from environmental pollution during its fast-economic growth. Can the BRI bring about a mitigative effect on smog pollution and unleash new opportunities for environmental protection? What is the channel through which the BRI could reduce smog pollution? Which factors impact the effectiveness of this initiative? Very little progress has been made in addressing these issues.
Based on an evaluation of the BRI, this study provides new evidence of the positive causal link between the BRI and environmental protection. Specifically, this study evaluates the BRI’s impact on key provinces along the route, with a focus on smog pollution. Utilizing a panel dataset of 284 prefectural-level cities from 2007 to 2018, we examined the causal relationship between the BRI and smog pollution in a difference-in-differences (DID) framework. We used the particulate matter with aerodynamic diameter less than 2.5 µm (PM2.5) levels for measuring smog pollution. Besides, we investigated technological innovation and optimization of industrial structure to explore the underlying mechanism and examined heterogeneity in the effect. We found that the BRI significantly reduced PM2.5 levels in key provinces; it reduced PM2.5 levels through promoting technological innovation and optimizing industrial structure. The BRI’s effect on reducing PM2.5 levels is more pronounced in key provinces belonging to the Silk Road Economic Belt, key provinces in central and western regions, cities of low administrative levels, and cities of low marketization.
This study’s contributions are reflected in three aspects. First of all, it enriches research on the impact of the BRI on environment. This study provides new evidence for the discussion on the link between the BRI and environmental protection. Besides, we exploit the underlying path of how the BRI can reduce smog pollution from the perspective of technological innovation and optimization of industrial structure, which has not been fully discussed in previous studies. In addition, we further exploit the economic consequence of the BRI in reducing smog pollution by examining how promoting the BRI affects green total factor productivity (GTFP).
The remainder of this paper is organized as follows. Section 2 reviews related literature, introduces the BRI’s institutional background, and develops the hypothesis. Section 3 describes the empirical framework, and Section 4 reports the baseline empirical results and robustness checks. Section 5 is devoted to tests on underlying mechanism, heterogeneity tests, and further economic consequences. Section 6 concludes and discusses policy implications.
2 RELATED LITERATURE AND HYPOTHESIS DEVELOPMENT
2.1 Related literature
Previous research has focused on two main contradicting viewpoints regarding the impact of the BRI on environment. Some studies argued that the BRI has a positive impact on environment. Cao et al. (2021) found that the BRI has a certain positive impact on environmental improvement for participating countries of the BRI, but the extent of the impact depends on environmental quality. Su et al. (2022) found that the BRI promotes environmentally friendly practices and lowers carbon footprints of participating countries of the BRI. Xin and Wang (2022) found that the BRI has significantly reduced carbon intensity in participating countries of the BRI by promoting green economic growth, enhancing green technology, and upgrading industrial structure. Besides, Yu et al. (2021) found that the BRI has a reducing effect on environmental pollution in key provinces along the route, using three industrial pollutants, industrial wastewater, soot, and sulfur dioxide as the proxy of environmental pollution. Mahadevan and Sun (2020) found that the BRI has led to a reduction in pollution through China’s foreign direct investment efforts, particularly benefiting the western and eastern regions of China. Yin and Wang (2020) found that the atmospheric environmental efficiency1 in key provinces along the route has remained relatively low over a span of 6 years since the implementation of the BRI. Increasing GDP per capita and promoting technological progress are potential mechanism of enhancing atmospheric environmental efficiency in key provinces, while energy consumption structure has a negative effect. Cao et al. (2022) found that with the implementation of the BRI, this is a gradual improvement with considerable potential for energy conservation and emission reduction. Furthermore, Zhao and Liu (2020) found that green financial policies can significantly reduce carbon emissions in key provinces along the route. Moreover, Du et al. (2022) argued that the BRI aims to balance economic development with eco-environmental protection, focusing on reducing environmental pollution through sustainable practices.
On the contrary, some studies found a negative impact of the BRI on environment or an ambiguous relationship between the BRI and environmental quality. Using a multi-regional input–output model, Tang et al. (2021) found that the BRI significantly increased per capita consumption-based carbon dioxide emission. Besides, Li B. et al. (2022) found that developing countries participating in the BRI suffer the heaviest smog pollution by having the highest PM2.5 levels and the highest population-weighted exposure level, with the fastest increases observed in the least developed countries. High-risk areas are identified primarily in South Asia, the Arabian Peninsula, and parts of China, thus providing a basis for targeted air pollution control policies. Furthermore, some studies found a negative relationship between the initiative and PM2.5 levels. The BRI promotes urbanization, and urbanization and PM2.5 levels exhibit a coordinated increase in fast developing regions of China (Li et al., 2016). However, within the key provinces along the route, the correlation between urbanization and PM2.5 levels vary. For instance, urbanization led to increased energy pollution emissions and caused dynamic changes in PM2.5 concentrations (Wei et al., 2021). Meanwhile, Fang et al. (2020) found that energy intensity and per capita electricity consumption are the main drivers of PM2.5 concentrations by analyzing the spatio-temporal distribution of PM2.5 concentrations in participating countries of the BRI.
Regarding the issue of pollution transfer, Cai et al. (2018) argued that China has become a pollution haven for many developed countries, with 19 developing countries acting as China’s pollution havens. Regarding pollution emission levels, Lin (2016) found that there are significant disparities in environmental pollution and green development levels among key provinces along the route; eastern regions have relatively advanced green development and higher economic development levels than central and western regions, but eastern regions also have higher pollution emissions. Huo and Li (2018) found that compared with neighboring countries, China’s border provinces have higher carbon emission levels. Additionally, the green development levels in these border provinces vary substantially. Zhang et al. (2022) found that there is a spatial spillover of air pollution in key provinces along the route. In terms of economic development and environmental pollution, Xu W. et al. (2019) found that the overall economic growth has a positive effect on reducing air pollution. However, increases in the number of vehicles, energy consumption, and the secondary industry activities have a negative impact on the environment. Omri and Hadj (2020) found that GDP per capita, the number of permanent residents, and foreign direct investment significantly affect the growth of urban carbon emissions, while the increase in per capita disposable income of urban residents reduces urban carbon emissions. Regarding the distribution of PM2.5 levels, Mu et al. (2021) found remarkable regional differences in PM2.5 concentrations, with high concentrations in plain and densely populated areas like the North China Plain and low concentrations in Qinghai-Tibet Plateau. Regarding policy recommendations, Wang et al. (2022) examined the relationship between material footprint (MF) and economic growth in participating countries of the BRI. They found that while economic growth has led to increased MF, the coupling varies across regions and income levels. High-income countries experienced better decoupling, and economic growth was achieved with relatively lower increases in MF. The study emphasizes the need for strategic policies and industrial restructuring to promote sustainable development of participating countries of the BRI, as green industries play a crucial role in minimizing environmental impact during economic expansion.
2.2 Institutional background
China’s opening up and economic reforms in the past three decades have achieved remarkable success. However, when describing the next period of economic growth, President Xi claimed that China’s economic development entered a “new normal” stage in 2014 (China Daily, 2014). This concept is widely used to describe the fact that annual GDP growth has slowed to 7.0–7.5 percent from the double-digit levels of the high-growth period. This is attributed to the now weakened traditional driving forces of growth; that is, the output growth rates of the labor and capital factors that were originally relied on have decreased (Li and Zhang, 2015). Nonetheless, during this long-term extensive development, more attention was paid to quantitative growth, ignoring qualitative economic development and creating bottleneck problems such as overcapacity and inefficient resource allocation (Wang and Johansson, 2013). Under this new normal, opening up further to international trade and strengthening economic cooperation have become important ways to promote economic development. In the Chinese government’s 2014 work report, Premier Li proposed that facilitating opening up to force domestic economic reform and structural transformation would be a focus in the 2014 work deployment (The State Council of the People’s Republic of China, 2014).
In September and October 2013, China put forward the major initiatives of jointly constructing the Silk Road Economic Belt and the 21st Century Maritime Silk Road, which have attracted great attention. As of 2017, in the 4 years since China put forward the BRI, it has signed production capacity cooperation agreements with 37 countries, and a total of more than 5,000 trains have traveled between China and countries along the European route, connecting two-thirds of the provinces along the route, and flights to countries along the route have been organized. Flights to countries along the route are also distributed in 26 provinces along the route, and 29 provinces have set up industrial parks.
By capitalizing on the synergies of participating countries along the expanding route, the BRI bifurcates into two corridors: the Silk Road Economic Belt, which spans eight Chinese provinces (Xinjiang, Shaanxi, Gansu, Ningxia, Qinghai, Chongqing, Yunnan, and Guangxi), and the 21st Century Maritime Silk Road, encompassing five provinces (Shanghai, Fujian, Guangdong, Zhejiang, and Hainan). The other five key provinces are Inner Mongolia, Heilongjiang, Jilin, Liaoning, and Tibet. (Lam et al., 2018). These key provinces, with their unique geographical location and developed transportation infrastructure, are highly concentrated in business, people, logistics, capital, and information flows, and are responsible for promoting the transformation of China’s industries and the construction of the green Belt and Road. Figure 1 visualizes the key provinces along the route in China.
[image: Map of China highlighting key provinces in blue. A section on the right shows the South Sea and surrounding islands. Text denotes these as "Key Provinces."]FIGURE 1 | Key provinces along the route.
2.3 Hypothesis development
Enhancing technological innovation helps enterprises reduce pollution emissions, and the BRI provides a platform for enterprises to invest overseas and enhance technological innovation, especially in high-end industries, such as transportation, energy, and communications (Du and Zhang, 2018). Lv et al. (2019) found that the BRI contributes to the development of multilateral trade and promotes the outward foreign direct investment (OFDI) of Chinese enterprises. Dunning (1993) and Pradhan and Singh (2009) argued that OFDI is conducive to the improvement of technological innovation. First of all, Chinese enterprises use the BRI platform to invest in factories and set up subsidiaries, joint ventures, and research and development (R&D) centers in participating countries or regions along the route. By doing so they can better participate in the international competitive market, acquire more cutting-edge technological innovations, and give back to parent companies through reversed technology transfer. This will improve the technological innovation capacity of Chinese enterprises through digestion, absorption, and secondary innovation (Pradhan and Singh, 2009), thus reducing the pollution emissions of Chinese enterprises. Dunning (1993) found that the number and percentage of patent applications of parent companies were lower than those of foreign subsidiaries, and OFDI promoted the technological innovation capacity of parent companies. Pradhan and Singh (2009) found that OFDI by Indian automobile companies has brought about technology and knowledge spillovers and promoted technological innovation capacities of parent companies. Besides, technological innovation requires enterprises to invest a great deal of money, and overseas subsidiaries can take over part of the peripheral and repetitive production work, so that parent companies can save the production costs and concentrate their financial resources on the R&D of the core technology, the introduction of high-end talents, and the purchase of R&D technology and products, so as to enhance the overall R&D and technological innovation capacities. Moreover, OFDI enterprises are generally given priority to take the privilege of the country’s customs services, tax incentives, and foreign exchange support policies, which can also save some of the R&D costs for OFDI enterprises (Xu and Wang, 2018) and indirectly promote technological innovation.
Under the policy background of the BRI, more and more countries are investing in China. Factor resources continue to flow and cluster in Chinese cities along the route. Resource allocation gradually tends to be rationalized, energy consumption is gradually reduced, and corporate pollution emissions are gradually reduced. The Digital Belt and Road (DBAR) integrates cloud computing, big data platform, Internet of Things, mobile Internet, and other high-tech information technology. It can promote the flow and agglomeration of factors such as labor, capital, network, and technology to Chinese cities along the route, improve the efficiency of resource allocation, and optimize the industrial structure (Shi et al., 2018), and reduce pollution emissions. Ma and Cao (2022) found that the optimization of industrial structure reduces levels of atmospheric haze. Chen and Wang (2022) found that the BRI can help upgrade and optimize the industrial structures of key provinces along the route, mainly through optimization of the investment environment and the adjustment of the relationship between supply and demand. The information technology in the DBAR can timely and efficiently coordinate and allocate labor, transportation, logistics, information, and other resources in cities along the route. It therefore reduces the transaction costs of enterprises, and promotes the flow of factor resources to low-energy consumption and low-polluting enterprises, eliminating high-energy-consumption and high-polluting enterprises. It consequently realizes the reasonable and effective allocation among industries and sectors, thus reducing the pollution emission of the whole industry (Ryzhenkov, 2016). Besides, the information technology industry in the DBAR is characterized by high technology and low pollution, which can bring competitive pressure to the traditional polluting industries in cities along the route. Not only can it force these traditional polluting industries to carry out technological innovation and R&D on clean technology, but also eliminate those traditional polluting industries and enterprises (Shi et al., 2018), thus reducing environmental pollution. Moreover, the information technology in the DBAR can timely grasp the market demand and market demand preferences of cities along the route. Once changes occur, it can quickly adjust and change the business strategy of enterprises, flexibly dispatch production factors such as labor, capital, and energy, so as to meet the real demand of the market in the cities along the route. DBAR can scientifically, accurately, and efficiently carry out product production, and reduce resource consumption.
Based on the above analysis, we propose the following hypothesis.
H1. The BRI reduces PM2.5 levels by promoting technological innovation and optimizing industrial structure.
3 EMPIRICAL FRAMEWORK
3.1 Explained variable
This study examines whether the BRI can reduce smog pollution in key provinces along the route. This study adopts PM2.5 levels as the measure of smog pollution. The annual data of average PM2.5 levels of 284 prefecture-level cities in China from 2007 to 2018 were gathered. The choice of the 2007–2018 period allows for a comprehensive before-and after comparison while mitigating the confounding variables introduced by a series of “Coordinated Regional Development” policies in 2019 and the pandemic in 2020. This time frame enables an accurate depiction of the evolution of PM2.5 levels, untainted by the extraordinary circumstances post-2018.
3.2 Main explanatory variables
As described earlier, we focus on the explanatory variable BRI, which is assigned according to the list of key provinces established in China. Treat equals 1 if a prefecture-level city belongs to a key designated province; otherwise, it equals 0. Post indicates whether the BRI has been launched and equals 0 before 2014 and 1 in or after 2014.
For the underlying mechanism analysis, following Kou and Liu (2017), we measure technological innovation (TO) using the average value of authorized invention patents and calculating the innovation index of 284 cities from 2007 to 2018. The city innovation index includes not only R&D investment and patents, but also innovation output, patent value, innovation and entrepreneurship, etc. It is based on the synthesis of multiple indicators, which is a more comprehensive assessment of a city’s innovation capacity.
We use the Theil index (Theil, 1967) to measure industrial structure optimization (ISO) with Equation 1:
[image: Equation for ISO: the sum from i equals one to n of (Yi over Y) times the natural logarithm of (Yi over Li) divided by (Y over L).]
where Y is the industrial added value, L is the number of employees in the industry, i represents the industry, and n represents the number of industrial sectors. As Y/L expresses labor productivity, the ratio between Yi/Li and Y/L measures the deviation between the current industrial structure and the equilibrium. The greater the Theil index, the less rationalized the industrial structure.
3.3 Control variables
A series of control variables are incorporated, including fixed-asset investment, human capital, urban employment rate, industrialization level, industrial structure, per capita income, technology, and government intervention. Table 1 presents the detailed definitions. All continuous variables are winsorized at the 1% and 99% percentiles to limit the influence of extreme values.
TABLE 1 | Variable definitions.
[image: Table listing variables, their denotations, and definitions in a study. The explained variable is PM2.5, defined as the logarithm of annual average levels. The main explanatory variables are key provinces and post, indicating city status and pre/post-2014 status respectively. Control variables include fixed asset investment, human capital, employment, secondary and tertiary industry outputs, income, technology, and intervention, each with specific calculation methods related to economic and educational metrics.]3.4 Empirical specification
Following existing literature on the impact of the BRI on environment in participating countries of the BRI (Cao et al., 2021) and studies on the effect of China’s domestic audit policy on improving air quality (Li et al., 2022), this study uses the DID method to explore the impact of the BRI on PM2.5 levels in prefecture-level cities along the route. This study divides the prefecture-level cities into four sub-samples: the treatment group (key provinces) and control group (other provinces) before and after implementing the BRI. The DID approach has two key advantages. First, the DID methodology rules out omitted time trends that are correlated with establishment of key provinces along the route and PM2.5 levels in both the treatment group and the control group. Second, the DID approach controls for constant unobserved differences between the treatment and the control groups that may bias our estimation. Accordingly, the benchmark regression specification of the DID model can be defined as Equation 2. Equation 3 specifies the term BRI.
[image: Equation showing a linear regression model: PM2.5it equals Beta_0 plus Beta times BRLit plus alpha times Xit plus delta_t plus mu_i plus epsilon_it.]
[image: Mathematical expression showing "BRI_{it} = key\_provinces_i \times post_{it}".]
Here, i and t represent cities and years, respectively. PM2.5 is the dependent variable, explaining the PM2.5 levels of city i in year t. BRI = 1 if city i belongs to a designed key provinces in year t; otherwise, it equals 0. X is a vector of control variables that vary with time. δ and μ represent the time fixed effect and city fixed effect, respectively, and ε is the random disturbance. BRI is the main explanatory variable of this study. It measures the difference in PM2.5 levels between cities in key provinces and cities not in key provinces after the implementation of the BRI, thereby identifying the net effect of the BRI controlling other factors that affect PM2.5 levels. If the BRI truly reduces PM2.5 levels, the coefficient [image: Greek lowercase letter beta with subscript one, commonly used to represent a coefficient in statistics or mathematics.] of BRI should be lower than zero.
To test the underlying mechanism, we adding the interaction of BRI and the indexes that measure the technological innovation and industrial structure into the regression of Equation 4. The empirical specification is as follows.
[image: Equation for PM2.5 concentration: PM2.5_it = β0 + β1 BRI_it + β2 TO_it/ISO_it + β3 BRI_it × TO_it/ISO_it + αX_it + δ_t + μ_i + ε_it, labeled as equation (4).]
Here, TO is technological innovation, and ISO is industrial structure optimization. If BRI truly reduces PM2.5 levels through technological innovation and optimization of the industrial structure, the coefficient [image: It seems like you might be trying to describe a mathematical symbol rather than uploading an image. If you intended to upload an image, please try again. If you need a description for the symbol \(\beta_3\), it represents a beta coefficient with the subscript 3, often used in statistical or mathematical contexts.] of [image: Mathematical expression showing the formula: \( \text{BRI}_{it} \times \text{TO}_{it} / \text{ISO}_{it} \).] should be lower than zero.
4 MATERIALS AND METHODS
4.1 The data
The data are gathered from the China City Statistical Yearbook, China Regional Economic Statistical Yearbook, CSMAR Database, and WIND Economic Database. The data are merged according to city and year to create the sample for the empirical analysis; there are 3,281 total observations. Although the study accounts for some of the missing data via interpolation to maintain a high degree of data consistency, areas with a significant number of missing observations are excluded. Table 2 reports the descriptive statistics of all variables.
TABLE 2 | Descriptive statistics.
[image: Table displaying statistical data for various variables, including PM2.5, fixed asset investment, human capital, employment, secondary, tertiary, income, technology, and intervention. Columns show sample size, mean, standard deviation (Std), minimum (Min), and maximum (Max). Values are specific to each variable, illustrating variation in data metrics.]4.2 Baseline estimates
Equation 2 is first employed to evaluate the net BRI effect on PM2.5 levels of key provinces. Table 3 reports the baseline estimation results. Column (1) shows the estimation results without incorporating the control variables. Columns (2) show the results after adding the control variables. As the results in Table 3 show, the coefficients of the policy variables are significant in both regressions. Thus, the BRI reduces the PM2.5 levels of key provinces.
TABLE 3 | BRI impact on the PM2.5 levels of key provinces.
[image: A table displays regression results examining the impact on PM2.5 levels using various factors. BRI has coefficients of -0.529 and -0.407 with significant t-values. Fixed asset investment has a positive significant coefficient of 0.299. Human capital, employment, secondary education, tertiary education, income, technology, and intervention show varying coefficients, some significant. Constants (_cons) are highly significant. Observations (N) total 3,221 with adjusted R-squared values of 0.140 and 0.314. City and year fixed effects are included. Significance levels are indicated by stars for 1%, 5%, and 10%.]4.3 Testing the parallel trend and the dynamic effect
The DID method assumes that the treatment and control groups have a parallel trend before the event. As shown in Figure 2, the TFP trend of the treatment and control groups is similar before the official BRI launch in 2014.
[image: Line graph showing trends for Treatment and Control groups from 2007 to 2018. The solid line (Treatment Group) declines steadily after 2014, while the dashed line (Control Group) remains stable. Both are plotted against the year on the x-axis and a numerical scale from 2.8 to 4.0 on the y-axis.]FIGURE 2 | Parallel trend test.
We exploit the exact timing of policy implementation to test whether the decrease in PM2.5 levels corresponds with the implementation, or if it precedes it. For this purpose, we estimate Equation 5 by substituting the BRI variable [image: It seems there is no image attached. Please upload the image or provide a URL to generate alt text.] with a full set of dummies ranging from 5 years before the implementation of the BRI to 5 years after. In particular, we estimate:
[image: Equation representing a mixed effects model for PM2.5 concentration. It includes terms for fixed effects: constant β₀, interaction terms between key provinces and time periods before5, before1, after1, and after5, along with other covariates Xₜ. Random effects are indicated by δₜ and μᵢ, with an error term εᵢₜ. Number 5 denotes equation reference.]
We replace the regressor [image: It seems that you're trying to share an image, but it hasn't been uploaded. Please upload the image or provide a URL so I can assist you in creating the alternate text.] in Equation 2 with [image: It seems like there was an issue with the image upload. Please try uploading the image again or provide a URL. You can also add a caption for additional context if needed.], where [image: Looks like there was an issue displaying the image. Please try uploading the image again or provide a URL.] represents the year dummies from 2007 to 2018, with 2013 as the reference group. Table 4 shows the corresponding results.
TABLE 4 | Parallel trend test and the dynamic effect.
[image: A regression table presenting the effects of various variables on PM2.5 levels. Variables listed include "key_provinces × before" and "key_provinces × after" with coefficients and t-values. Significant effects are marked with asterisks: single for 10%, double for 5%, and triple for 1% significance. Other variables include fixed asset investment, human capital, employment, and technology, among others. The number of observations is 3,221, with an adjusted R-squared of 0.348. City and year fixed effects are included.]In the years before the BRI launch, none of the coefficients of the lagged policy variables are significant, indicating no difference in PM2.5 levels between the treatment and control groups. The interaction terms of 2007–2012 are insignificant and are consistent with Figure 1, which confirms the parallel trend before the BRI was implemented. After implementation, the average PM2.5 levels of the treatment group decreased faster than that of the control group. The effect of the BRI is affected by local government participation and other supporting policies. With successive publicity and the implementation of the BRI, local governments have gradually deepened their understanding of the initiative, their relevant policies have improved, and their execution capabilities have increased. As seen in Table 4, after the BRI was fully launched in 2014, the significance of the coefficient increases year by year from 2015 to 2018, and its value increases gradually, that is, there are dynamic effects. The BRI policy effect increases gradually after implementation, with various regions responding to the state’s call. As the implementation deepens, policies and related support facilities in various regions gradually improve, and detailed guidance plans are implemented; hence, the BRI impact on PM2.5 reduction in key provinces exhibits a dynamic effect.
4.4 Testing policy endogeneity
A suitable control group is essential for the accuracy and credibility of the DID method. This study sets non-key provinces as the control group, ignoring the inherent differences in PM2.5 levels and other aspects between cities in the treatment and control groups, which may cause the DID method’s estimation results to be unreliable. We employ the propensity score matching (PSM) method to match cities in the treatment group with those in the control group to reduce the systemic bias and other endogeneity problems of the DID method; we thus overcome the systematic differences in the PM2.5 trends between the treatment and control groups. We conduct logit regressions on the control variables to obtain the PSM. We adopt the balance test to ensure the PSM matching is satisfactory. Table 5 shows the PSM balance test results.
TABLE 5 | PSM balance test results.
[image: Table displaying the comparison of unmatched and matched means for various variables such as fixed asset investment, human capital, employment, secondary, tertiary, income, and technology. It includes columns for treated and control groups, percentage bias, reduction in bias, T-values, and p-values. Each variable shows data for unmatched (U) and matched (M) scenarios with corresponding statistics.]The results show the standardized deviations (% bias) of variables after matching are significantly reduced, and the standardized deviations of all variables are less than 1%. Moreover, the t-test results show the differences between the treated and the control samples after matching are all insignificant. All the above indicates that the matching effect is effective.
Three common matching methods (radius, kernel density, and nearest neighbor matching) are employed to perform a robustness check. Table 6 presents the results.
TABLE 6 | Propensity score matching-difference-in-differences results.
[image: A table displaying regression results for PM2.5 using three matching methods: Radius, Kernel density, and Nearest neighbor. Variables include BRI, Fixed asset investment, Human capital, Employment, Secondary, Tertiary, Income, Technology, Intervention, and constant (_cons). Significance levels are marked by asterisks: one, two, and three for ten percent, five percent, and one percent respectively. The number of observations (N), adjusted R-squared, City FE, and Year FE are provided at the bottom. Values are accompanied by t-statistics in parentheses.]From Table 6, radius, kernel density, and nearest neighbor matching generate the same results. The coefficients of the BRI term are significantly positive at the 5% level. Therefore, the BRI significantly reduces the PM2.5 levels of key provinces, further verifying the main findings.
An important premise of the DID method is that the treatment and control group selection is random, which may not be the case in this study. Unobservable factors might have influenced designation of key BRI provinces. Provinces with a higher level of economic development may first be used as key provinces to further promote BRI implementation. However, provinces with lower economic development may also be selected. Therefore, the choice of the treatment group may be susceptible to endogeneity. Given the potential endogeneity of the policy variable, an instrumental variable (IV) is determined under two conditions: an IV is (1) related to the endogenous variable and (2) unrelated to the random error term. The two-stage least squares method is adopted for the estimation. The BRI concept is inspired by the ancient Silk Road, which witnessed hundreds of years of booming trade and cultural exchanges in the Eurasian continent; we therefore select the ancient Silk Road route provinces as IVs following Duranton et al. (2014). Although the BRI aims to revive the ancient Silk Road, they are far apart in time, and the latter does not influence the PM2.5 levels of key provinces along the route. Thus, the ancient Silk Road satisfies the two conditions of an IV. The specific setting is that if a key province is among the ancient Silk Road provinces (Shaanxi, Ningxia, Gansu, Qinghai, Xinjiang, Tibet), IV = 1; otherwise, IV = 0. Meanwhile, IV × Post is selected as the IV for the term BRI. Table 7 shows the corresponding results after the IV adoption.
TABLE 7 | Instrumental variables.
[image: A statistical table with two columns labeled "(1) BRI" and "(2) PM2.5". Key variables include IV, BRI, Fixed asset investment, Human capital, Employment, Secondary, Tertiary, Income, Technology, and Intervention. Coefficients and t-values are shown in each column, with significance levels indicated by asterisks. The sample sizes (N) are 3,281 and 3,221, with adjusted R-squared values of 0.405 and 0.292, respectively. Both columns account for City FE and Year FE.]The regression results in Column (1) confirm the rationality of using the ancient Silk Road route provinces as IVs. The F value from the Cragg-Donald test is greater than 10, indicating that the IVs are highly correlated with the endogenous variable in the first stage regression. Column (2) shows the regression results for the second stage. The coefficient of BRI is −0.158, significant at the 1% level. Thus, after alleviating potential endogeneity problems, the basic findings remain unchanged.
Following Zhang et al. (2012), this study utilizes the generalized method of moments (GMM) in two estimations for a robustness check to further control for potential endogeneity by unobserved variables. Table 8 reports the test results of Equation 2. BRI coefficients in the two regressions remain significant.
TABLE 8 | GMM.
[image: A table compares coefficients and statistics between two models, Difference GMM and System GMM, for PM2.5. Variables include L.PM2.5, BRI, fixed asset investment, human capital, and others. Significance levels are indicated by asterisks: * for 10%, ** for 5%, and *** for 1%. Values in brackets are t-statistics. Both models show City FE and Year FE as "Yes". N for Difference GMM is 2,950 and for System GMM, 3,012. Wald chi-squared is 1,763.25 for Difference GMM and 5,140.07 for System GMM.]4.5 Placebo tests
There might be policies or influencing factors other than the BRI that may induce PM2.5 abatement during the same period. To rule out the possibility that PM2.5 levels might have been reduced by other contemporaneous policies, following Liu and Zhao (2015), we perform a placebo test by falsifying the year the policy was initiated. We assume that the BRI was proposed two or 3 years before the actual date and observe the coefficient and significance of the policy variable. If the estimated coefficient of the policy variable is insignificant under the two placebo tests, the BRI reduces the PM2.5 levels in key provinces. If the two falsified policy variables are significant, BRI implementation does not necessarily cause PM2.5 abatement in key provinces. Table 9 presents the results; when assuming the BRI was proposed in 2011 or 2012, the estimated coefficient of the BRI term is not significant. Thus, BRI implementation reduces the PM2.5 levels of key provinces without interference from other policies or factors.
TABLE 9 | Placebo tests falsifying the BRI launch year.
[image: Comparison table of PM2.5 effects under two scenarios: assuming the Belt and Road Initiative (BRI) was implemented in 2011 (Column 1) and in 2012 (Column 2). Each row lists variables like BRI falsified, fixed asset investment, human capital, and others, along with coefficients and t-values in parentheses. Significant results are noted with stars, indicating levels at 10%, 5%, and 1%. The R-squared value is 0.347, with city and year fixed effects included. Sample size is 3,221 for both scenarios.]4.6 Testing alternative samples
This study modifies Equation 2 by incorporating lagged control variables for a robustness check to mitigate the influence of the current data. Moreover, it removes observations from 2013, when the BRI was proposed. Column (1) and (2) of Table 10 reports the regression results; BRI coefficients in both regressions remain significant.
TABLE 10 | Tests on alternative samples.
[image: Table comparing PM2.5 effects under two conditions: lagged control variables and removal of 2013. Variables include BRI, fixed asset investment, human capital, employment, secondary, tertiary, income, technology, and intervention. Coefficients and t-values are provided, with significance levels indicated by asterisks: one for ten percent, two for five percent, and three for one percent. Both columns report adjusted R² values, city and year fixed effects, and sample sizes.]4.7 Testing the removal of confounding effects
During the implementation of the BRI, the global financial crisis occurred in 2008. The financial crisis reduced production activities, which may have influenced PM2.5 levels. Therefore, observations before 2009 are also removed to control for confounding effects. In addition, the confounding impact of the supply-side reform (proposed in November 2015 and implemented afterward) on PM2.5 levels is then removed by removing observations after 2016. Table 11 reports the regression results; BRI coefficients in both regressions remain significant.
TABLE 11 | Removing confounding effects.
[image: A table presents regression analysis results for PM2.5 under two conditions: removing the impact of the global financial crisis and the supply-side reform. Variables include BRI, fixed asset investment, human capital, employment, secondary, tertiary, income, technology, and intervention. Coefficients and t-values are listed for each variable. Statistical significance is indicated by asterisks: one for 10%, two for 5%, three for 1%. The sample sizes are 2,420 and 2,414, with adjusted R-squared values of 0.340 and 0.313, respectively. City and year fixed effects are included in both models.]This study also controls contemporaneous disturbances. It removed cities that have implemented the Low-Carbon City Pilot Policy and cities in two-control zones (acid rain control zone and sulfur dioxide pollution control zone). Table 12 shows the regression results, with the BRI term being significantly negative at the 1% level. This verifies that the BRI has a significant reduction effect on PM2.5 levels in key provinces along the route, yielding robust results.
TABLE 12 | Controlling for contemporaneous disturbances.
[image: Table displaying regression results for PM2.5. Column (1) and (2) show coefficients and t-statistics for variables including BRI, low-carbon pilot city, and fixed asset investment. Significance is indicated with asterisks: *, **, *** for 10%, 5%, and 1% levels, respectively. Adjusted R-squared values are 0.316 and 0.315, with observations totaling 3,221. Both columns include city and year fixed effects.]4.8 Testing alternative regression methods
We further verify robustness by conducting a simultaneous quantile regression with 1,000 bootstraps. Specifically, we perform regression analysis on the 20th, 50th, and 80th PM2.5 quantiles using Equation 2. The advantage of using this estimate is that it allows us to test how the BRI affects the PM2.5 levels of cities with different PM2.5 levels. The results in Table 13 are consistent with the baseline results in Table 3: there is a pronounced negative relationship between the BRI and PM2.5. For cities with low PM2.5 levels, the BRI further reduces PM2.5, while for cities with high PM2.5 levels, the BRI provides timely assistance regarding PM2.5 abatement. The BRI also exhibits a negative impact for regions with intermediate PM2.5 levels.
TABLE 13 | Simultaneous quantile regression.
[image: Table showing regression results for PM2.5 across 20th, 50th, and 80th quantiles. Variables include BRI, Fixed Asset Investment, Human Capital, Employment, Secondary, Tertiary, Income, Technology, and Intervention. Values are displayed with coefficients and t-statistics in parentheses. Significance levels are marked with asterisks, denoting 10%, 5%, and 1%. The number of observations is 3,221, with adjusted R-squared values of 0.1754, 0.2039, and 0.2150 for each quantile. City and Year fixed effects are included.]Given that province- and prefecture-level variables are included in the regression, we utilize a hierarchical mixed model to re-estimate Equation 2. Martin et al. (2007) note that a hierarchical mixed model is more suitable for separating provincial- from prefecture-level impacts. Table 14 presents the results.
TABLE 14 | Hierarchical mixed regression.
[image: A table displaying regression results for PM2.5. Variables include BRI (-0.0501***), Fixed asset investment (0.104***), Human capital (0.000358**), Employment (-0.00160***), Secondary (0.000232), Tertiary (0.0000747), Income (-0.0743**), Technology (-0.00184), Intervention (-0.000722***), and constant (3.173***). The number of observations is 3,221, with a Wald chi-squared of 352.81. City and Year fixed effects are included. Significance levels are denoted by asterisks, with one, two, and three asterisks indicating significance at the 10, 5, and 1 percent levels, respectively.]5 FURTHER TESTS
5.1 Underlying mechanism
As noted, the BRI significantly reduces the PM2.5 levels. From the hypothesis and model setup, we create interaction terms ([image: Mathematical expression showing "BRI" subscripted with "it" multiplied by "TO" subscripted with "it".] and [image: Mathematical expression showing \( BRI_{it} \times ISO_{it} \), indicating the multiplication of two variables, BRI and ISO, each with subscripts i and t.]) to explore the possible influencing mechanism. Table 15 presents the regression results.
TABLE 15 | Underlying mechanism of the policy effect on PM2.5 levels.
[image: Regression table displaying the impact of various factors on PM2.5 levels across two models. Key variables include BRI, TO, ISO, and their interactions. Coefficients, t-statistics in parentheses, and significance levels are noted with asterisks. Other variables include fixed asset investment, human capital, employment, education levels, income, technology, and interventions. Both models include city and year fixed effects, with sample size (N) of 3,221. Adjusted R-squared values are 0.322 and 0.336.]The results in Table 15 show that the regression coefficients on the interaction terms are significantly negative at the 1% level, indicating that the BRI can reduce PM2.5 levels by promoting technological innovation and optimizing industrial structure. From the perspective of technological innovation, the BRI provides a platform for enterprises to invest overseas and enhance technological innovation, which in turn helps enterprises reduce pollution emissions. Chinese enterprises use the platform of BRI to invest in factories and set up subsidiaries, joint ventures and R&D centers in participating countries or regions along the route. The reversed technology transfer helps improve the technological innovation capacity of Chinese enterprises, thus reducing the pollution emissions of Chinese enterprises. The relatively lower production costs in overseas subsidiaries can facilitate parent firms to concentrate its financial resources on the R&D and therefore enhance the overall R&D and innovation ability. Favorable policies for firms actively participating in the BRI also indirectly promote technological innovation. From the industrial structure perspective, under the policy background of the BRI, factor resources continue to flow and cluster in Chinese cities along the route as more countries are investing in China. DBAR integrates high-tech information technology and promotes the flow and agglomeration of production factors to Chinese cities along the route, improve the efficiency of resource allocation and optimize the industrial structure, and reduce pollution emissions. The information technology in the DBAR can timely and efficiently coordinate and allocate resources in cities along the route, and promotes the flow of factor resources to low-energy consumption, low-pollution enterprises, eliminating high-energy-consumption and high-pollution enterprises. The information technology industry in the DBAR is characterized by high technology and low pollution, which induces traditional heavy polluting industries to develop technological innovation and R&D on clean technology, thus reducing environmental pollution.
5.2 Heterogeneity tests
In terms of initiative layout and mode of transportation, the BRI can be divided into the Silk Road Economic Belt and the 21st Century Maritime Silk Road. According to the description of the regional opening plans of the Vision and Actions, we regard Shanghai, Fujian, Guangdong, Zhejiang, and Hainan as belonging to the 21st Century Maritime Silk Road and other provinces as belonging to the Silk Road Economic Belt. We believe that although these provinces are all designated as key provinces, there are significant differences in the implementation priorities, development levels, and historical factors among the provinces. By contrast, the provinces belonging to the 21st century Maritime Silk Road are relatively more developed areas along the eastern coast of China, with relatively higher levels of initial economic development. Therefore, it is necessary to distinguish in the analysis the key provinces belonging to the two Roads. The grouping regression results are listed in Table 16.
TABLE 16 | Silk Road Economic Belt versus the 21st Century Maritime Silk Road.
[image: Statistical table comparing PM2.5 regression coefficients across the Silk Road Economic Belt and 21st Century Maritime Silk Road. Variables include BRI, fixed asset investment, human capital, employment, secondary, tertiary, income, technology, and intervention. Coefficients are presented with t-values in brackets, and significance levels are indicated by stars, where *, **, *** represent significance at 10%, 5%, and 1% levels, respectively. Additional information includes constant terms, sample sizes, adjusted R-squared values, and fixed effects for city and year.]The control group in column (1) includes cities of key provinces along the 21st Century Maritime Silk Road, while the control group in column (2) excludes cities of key provinces along the 21st Century Maritime Silk Road. The control group in column (3) includes cities of key provinces along the Silk Road Economic Belt, and the control group in column (4) excludes cities of key provinces along the Silk Road Economic Belt. The BRI estimation coefficients in Column (1) and (2) are significantly negative; by contrast, the results in Column (3) and (4) show that the BRI plays a relatively limited role in reducing PM2.5 levels in the provinces of the 21st century Maritime Silk Road, although they are also designated as key provinces. This result indicates that the BRI mainly improves TFP in the eight key provinces belonging to the Silk Road Economic Belt. This can be attributed to the relatively worse economic conditions of these regions, higher polluting levels, lower technological innovation, and underdeveloped industrial infrastructure. These late-development advantage help these provinces outperform the coastal provinces of the 21st century Maritime Silk Road in reducing pollution, thereby making the BRI’s effect on reducing PM2.5 levels more significant.
As China is a vast country, the resource endowment, economic base, and infrastructure level of cities differs across regions. We separate the samples into eastern and central and western regions. As shown in Table 17, BRI is more significant in the central and western region.
TABLE 17 | East regions versus central and western regions.
[image: A table with regression results for PM2.5 in Eastern, and Central and Western regions. Variables include BRI, fixed asset investment, human capital, employment, secondary and tertiary education, income, technology, and intervention. Each row lists coefficients with significance levels indicated by asterisks: one for 10%, two for 5%, and three for 1%. Additional statistics include sample size (N), adjusted R-squared value, and fixed effects for city and year. The chi-squared value is marked as significant at 1%.]The central region plays an important role in China’s regional development by undertaking industrial transfer from the east and promoting the development of the west, it mainly focuses on domestic trade (Bai et al., 2020). The economic foundation of the western region is relatively weaker, and the implementation of the BRI can effectively mitigate its lack of economic growth power (Zhang et al., 2018). The impact of BRI will be further expanded through ethnic policies and resource endowment toward the western region. Moreover, the central and western regions have taken up the Silk Road Economic Belt, which has led to considerable trade among the countries along the route. The eastern coastal area has the natural advantage for developing an export-oriented economy, however, due to insufficient preferential policies for economic growth, the marginal effect of the implementation of the BRI is smaller.
Cities with different administrative levels have different resource levels, institutional arrangements, and management powers, so that they can provide different preferential and policies for implementing the BRI; thus, they have heterogeneous effects. The regression results for the subsamples of sub-provincial cities (high administrative level), and municipalities and prefecture-level cities (low administrative level) are shown in Table 18.
TABLE 18 | High administrative level cities versus low administrative level cities.
[image: A table comparing the impact on PM2.5 for high and low administrative levels. BRI shows significant negative coefficients for both levels. Fixed asset investment and tertiary education are significant in the low level. Income is significantly negative for the low level, while intervention is slightly significant. Constant is significant only for the low level. The number of observations is 228 for high and 2,993 for low. Adjusted R-squared is 0.365 for high and 0.310 for low. Chi-squared is 0.127 for low. Significance levels are indicated by asterisks.]We find that the mitigating effect of the BRI on PM2.5 levels is significant in both regressions, with the effect being more pronounced in cities of low administrative level. Municipals and prefecture-level cities have a higher BRI impact than sub-provincial cities because of their lower economic development and higher pollution levels. Specifically, the initiative can bring about more marginal effect to late-development regions, and the local government has utilized BRI policy resources and benefits, significantly reducing the area’s PM2.5 levels.
The OFDI of China in the BRI participating countries has surpassed US$50 billion. The target of unimpeded trade is promoting trade and investment facilitation and improving the business environment (The State Council Information Office of China, 2019), which would be finally reflected in improved market mechanisms. Market mechanism creates a competition and investment effect among enterprises. Therefore, whether the local market operation mechanism is complete could partially determine the impact of the BRI on PM2.5 levels. Here, we introduce the marketization index of China’s provinces (Wang et al., 2021). Based on the marketization index mean, cities are grouped into high marketization degree and low marketization degree. The results of the separate regressions are presented in Table 19.
TABLE 19 | High marketization versus low marketization.
[image: A table comparing the effects of variables on PM2.5 levels in high and low marketization contexts. Variables include BRI, Fixed Asset Investment, Human Capital, Employment, and others. Values include coefficients and t-values, with significance levels indicated by asterisks. The model includes controls for city and year fixed effects. The number of observations and adjusted R-squared values are provided for both contexts.]The mitigating effect of the BRI on PM2.5 levels is significant in both regressions, with a more pronounced effect in low-marketization cities. The market operation mechanism in high-marketization cities is relatively complete. For cities with a high degree of marketization, local governments have taken measures to effectively improve the market mechanism and business environment to promote economic growth and reduce pollution. In comparison, the market operation mechanism of low-marketization cities is not complete, and local enterprises lack awareness of R&D and improving efficiency. The implementation of the BRI could encourage the implementation of operational and post-operational oversight systems by local governments in low-marketization cities, which could stimulate market vitality and, in turn, improve marketization. Through improving marketization in regions with a low degree of marketization can establish a sound legal system and intellectual property protection measures, which will promote enterprises to increase R&D investment. Besides, through improving marketization in regions with a low degree of marketization, a fierce market competition and a more optimized price transfer mechanism will be established. It helps reduce the uncertainty of enterprise innovation returns, enhance the R&D and innovation vitality of the private science and technology enterprises with a strong preference for innovation, and increase the play of innovation to treat pollution and reduce smog pollution.
5.3 Economic consequences
Using micro-level data, Gu and Yan (2021) found that air pollution control policies reduce PM2.5 levels and promote total factor productivity in listed firms in China. This study further assessed whether the BRI promotes the GTFP of key provinces along the route by reducing PM2.5 levels. We adopted the epsilon-based measure to calculate radical and non-radial distance (Tone and Tsutsui, 2010), which is beyond the ability of traditional non-parametric methods (e.g., data envelopment analysis and slacks-based measure distance function model). Table 20 reports the DID estimation results of Equation 6.
[image: Equation for GTFP index: \( \text{GTFP}_{it} = \beta_0 + \beta_1 \text{BRI}_{it} + \beta_2 \text{PM2.5}_{it} + \beta_3 \text{BRI}_{it} \times \text{PM2.5}_{it} + \alpha X_{it} + \delta_t + \mu_i + \epsilon_{it} \).]
TABLE 20 | BRI impact on GTFP.
[image: A table presents regression results for GTFP. Variables include PM2.5, BRI, PM2.5 × BRI, fixed asset investment, human capital, employment, secondary, tertiary, income, technology, intervention, and a constant. Coefficients and t-values are provided, with significance levels denoted by asterisks. The number of observations is 3,221, with an adjusted R-squared of 0.12. City and year fixed effects are included.]From the regression results in Table 20, the interaction term PM2.5 [image: Please upload the image or provide a URL for me to generate the alt text.] BRI is significant at the 10% level. Thus, the BRI effectively promotes GTFP in key provinces along the route through reducing PM2.5 levels.
6 CONCLUSION AND POLICY IMPLICATIONS
This study adopts the PM2.5 levels as the measure of smog pollution of 284 prefecture-level cities in China. Utilizing the varying degree of different regions benefiting from the BRI, we conducted a quasi-natural experimental design for BRI to evaluate the impact of the BRI on the PM2.5 levels of key provinces using a DID framework. The empirical results show that the BRI has significantly reduced the PM2.5 levels in key provinces, and the promoting effect is consistent in various robustness checks. Moreover, the BRI demonstrates dynamic effects, characterized by stronger impact every year. Moreover, we found that the BRI can reduce PM2.5 levels through promoting technological innovation and optimizing industrial structure. Furthermore, the BRI’s impact on PM2.5 levels also exhibits heterogeneous effects. Furthermore, through reducing PM2.5 levels, the BRI enhances GTFP of key provinces along the route.
Based on the empirical results, this study proposes the following policy implications. This study confirms the beneficial impact of the BRI on lowering PM2.5 levels in key provinces along the route, advocating for the continued implementation of the BRI. To further mitigate environmental and pollution transfer issues, it is advised to expand green industries and embrace sustainable development. Besides, the initiative is shown to enhance GTFP by reducing PM2.5 levels, thus underscoring the environmental and economic benefits of maintaining this initiative. Tests on the underlying mechanism detect a positive relationship between technological innovation and the reduction of PM2.5 levels in key provinces. We recommend governmental support through policy incentives, increased funding, and financial subsidies for innovation-driven enterprises. Furthermore, enhancing technological collaboration among the key provinces could bolster technological advancements and demonstrate the critical mechanism of innovation in environmental sustainability. The study also highlights the importance of optimizing industrial structure to further curtail PM2.5 pollution. The government is encouraged to expedite the transition towards a more service-oriented economy while diminishing the share of the secondary sector. Not only does such restructuring contribute to reduced PM2.5 levels, but also aligns with the broader environmental and economic objectives of the BRI. Heterogeneity tests found that the BRI’s influence on PM2.5 reduction varies regionally. The disparity suggests a need for tailored environmental pollution control policies, particularly in regions where PM2.5 reduction is less pronounced. This will allow more uniform environmental improvements across all areas involved in the initiative.
We conclude by outlining related questions that are beyond this study’s scope. Despite the positive findings, our results cannot answer the broader questions of whether the BRI reduces other environmental pollution. Using PM2.5 as the sole parameter of environmental pollution may not fully reflect the complexity of the issue. Besides, while this study has investigated the role of technological innovation and the optimization of industrial structures as potential underlying mechanism, more underlying mechanism remains under researched. Furthermore, although this study conducts a battery of heterogeneity tests, expansion can be done on more heterogeneous effects on different dimensions, such as cities of different levels of economic development and different industrial structure. These issues warrant future research.
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Digital technology plays a vital role in driving toward a zero-carbon future. This paper explores whether new infrastructure, serving as carriers for digital technology, contributes to carbon reduction and efficiency gains in cities. Drawing on panel data from 280 Chinese cities spanning 2011 to 2019, we establish a theoretical analytical framework to investigate how new infrastructure influences urban carbon performance through the perspectives of influence, threshold, and spatial spillover effects. The study reveals that new infrastructures development has a contributing effect on the total factor carbon productivity of cities, with consistent results across various testing methods. Additionally, the threshold effect test suggests that the dual threshold of regional energy consumption influences the enhancing effect of new infrastructure on total factor carbon productivity, exhibiting nonlinear characteristics. Furthermore, the spatial spillover effect test suggests that new infrastructure construction accelerates the local carbon emission performance, while having a positive spillover effect on neighboring cities. This study provides innovative ideas and experiences from China for the global realization of simultaneous promotion of digital economy development and energy conservation and emission reduction.
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1 INTRODUCTION
With the worldwide acknowledgement of the necessity to control greenhouse gas emissions, 151 countries have committed to carbon-neutral climate goals, encompassing 94% of the global economies and 86% of the world’s population (Matthews et al., 2009; ICON, 2023). International green initiatives are expanding in scale and influence to achieve a sustainable global future (Arbolino et al., 2018). Major global economies have clarified their decarbonization schedules and are actively progressing toward a zero-carbon future.
Despite this, the tension between economic growth and carbon emissions persists globally. Any effective climate change policy must simultaneously aim to stabilize greenhouse gas levels in the atmosphere and promote sustained economic growth, thereby fostering the development decoupled from CO2 emissions. Developing nations’ economies, such as China, are shifting from high growth to high-quality development. Improvement in factor productivity serves as a core indicator for assessing the quality of economic transformation (Solow, 1957; Khanna and Sharma, 2021). Compared with traditional productivity, total factor carbon productivity (TFCP) serves as a link between economic development and carbon emissions. It has become an important metric for reconciling economic growth with changes in carbon emissions. TFCP is also gaining traction in academic research. Studies have demonstrated that the advances in green technology advances, renewable energy innovations, and the opening of high-speed railways can serve as TFCP engines (Du and Li, 2019; Zhou and Tang, 2021; Lin and Jia, 2022).
In December 2018, the concept of “new infrastructure (NI) ” was introduced at China’s Central Economic Work Conference and included in the government’s work report. NI is an infrastructure system based on the concept of new development, driven by technological innovation and supported by information networks. It can be instrumental to economic growth (Fernández-Portillo et al., 2020), technological innovation (Koutroumpis et al., 2020), industrial structure upgrading (Wu et al., 2023), and enhanced factor productivity (Mitra et al., 2016). Overall, NI has become a crucial indicator of national competitiveness in the digital economy age. However, there is an ongoing debate about the effectiveness of NI in promoting low carbon development. Numerous studies focusing on specific types of NI have suggested that digitization can lead to win-win situation for national prosperity and carbon reduction (Madlener et al., 2022; Kou and Xu, 2022). However, some scholars believe that the construction and operation of NI may promote energy-intensive production, leading to a rebound effect that exacerbates energy consumption and potentially decreases carbon efficiency (Wang et al., 2022). Consequently, the question of whether NI can enhance TFCP still needs to be answered in some instances.
This study utilizes data from city-level studies in China to investigate the impact of developing NI on TFCP. The motivation for this research stems from several factors. First, global carbon dioxide emissions reach a record high of 37.4 billion tons in 2023, according to the data of CO2 emission in 2023 releasing by the International Energy Agency (IEA). Among them, carbon emissions of China are 12.6 billion tons, and ranking first in the world. As the world’s largest energy consumer, China is committed to achieving the highest reduction rate in carbon emission intensity globally and bears a significant responsibility to accelerate the adoption of low-carbon and green industries. Cities are the main geographical unit of carbon emissions in China, accounting for about 85% of the total carbon emissions (Mi et al., 2016), so improving carbon performance at the city level in China is the key to realize low carbon development. Second, unlike developed nations, developing countries face the dual challenges of environmental preservation and economic growth, which necessitates striking a balance between economic development and climate change. Third, as a rapidly emerging economy, China possesses considerable investment and consumption demands. Its NI construction has yielded substantial results through systematic development and large-scale deployment. According to the data provided by the Ministry of Industry and Information Technology (MIIT, 2024), as of 2023, China has 64.32 million km of fibre-optic cable lines, and over 3.377 million 5G base stations. Moreover, China is developing NI for the construction of the “Belt and Road.” to promote deeper global integration.
In summary, with China as the research object, the present study seeks to address the following questions: How effective is the development of NI in reducing carbon at the city level? Is there a heterogeneous threshold effect for NI’s lifting effect on TFCP? Are there spatial spillovers from NI influencing TFCP, and what is its regional radiative effect? The present study aims to address these question. The research results will provide additional empirical support for the rise of emerging economies, global responses to climate change, and the transition of development modes.
Compared with existing literature, this paper makes several distinct contributions. First, according to the connotation of NI, the paper assesses NI levels at the city level, employing a nuanced scale encompassing information, integration, and innovation dimensions. Second, it extends the dividend effect of NI from the economic realm to the low-carbon domain. By effectively integrating measures of economic growth and carbon emissions, it comprehensively examines the impact of NI on reducing carbon emissions through the TFCP indicator. Third, using a threshold econometric model, the paper reveals that the promotional effect of NI on urban TFCP is influenced by dual threshold of regional energy consumption, exhibiting nonlinear characteristics. As energy usage decreases, the positive promotional impact of NI on urban carbon performance gradually strengthens. Applying the Durbin spatial model, the study reveals that NI not only positively impacts the region’s carbon performance improvement but also generates positive spillover impacts on neighboring cities in terms of relieving pressure on carbon emissions.
The rest of the paper is organized as follows: Section 2 reviews pertinent literature. Section 3 outlines the theoretical framework and necessary hypotheses. Section 4 delineates the research design, encompassing the econometric model, variables, and data. Section 5 presents empirical findings from the benchmark regression. Section 6 further examines threshold and spatial effects based on empirical results. The final section presents conclusions with policy recommendations.
2 LITERATURE REVIEW
Currently, academics base their empirical analyses on the economic efficiency effects of new digital infrastructures, affirming their dual role in enhancing the speed and quality of economic advancement. At the macro level, Czernich et al. (2011) in their examination of a sample of OECD data, confirmed that broadband infrastructure enables high-speed Internet access, thereby positively influencing economic growth through increased penetration. Du et al. (2022) observed that new infrastructure investment can propel sustainable economic advancement by leveraging technological innovation, upgrading industrial structures, and increasing production efficiency as transmission pathways. At the micro level, Mitra et al. (2016) posited that information infrastructure offers novel avenues for firms to acquire and utilize information resources, consequently fostering technological efficiency and enhancing factor productivity.
In terms of environmental effects, studies at the macro level have found that the development of new digital infrastructures can enhance the efficient use of energy, thus leading to a reduction in pollution (Wu et al., 2021). At the micro level, studies have shown that the development of digital infrastructure can promote green transformation of enterprises (Guo et al., 2024b).
As the emphasis on carbon neutrality in the digital age increases, scholars are beginning to discuss the carbon reduction effects of NI. Most studies have assessed the climate impact of specific types of NI on carbon emissions. Danish et al. (2018), Yang et al. (2022), and Ai and Yan, 2024 employed direct measures of NI, such as length of fiber-optic cable lines, the Broadband China Policy and capital stock. However, their findings regarding the influence of NI on the total carbon emissions of developing nations have been inconsistent. Some researchers have explored the impact of NI on urban per capita carbon emissions and carbon intensity by constructing an NI composite index (Tang and Yang, 2023; Zhang et al., 2023a).
The relation between economic development and zero-carbon targets is viewed as integrated and mutually reinforcing. Carbon performance has garnered scholarly attention because it connects enhanced economic performances with reduced carbon emissions. However, research on the impact of NI on carbon performance is still in its early stages. Given the limitations of assessing carbon performance by using a single metric (such as carbon productivity or carbon intensity), few scholars have initiated an exploratory investigation into the comprehensive effects of NI on ecological performance from the TFCP perspective. Hu et al. (2023) discovered that developing NI positively affects urban low-carbon development, demonstrating beneficial spatial spillover effects. This “low-carbon dividend” exhibits a Matthew effect and is prominent only in regions with abundant low-carbon endowments. Lan and Zhu (2023) argued that the impact of NI on TFCP exhibits nonlinear characteristics, and the rebound effect complicates the role of NI in carbon emission reduction.
Synthesizing the results of existing research, it can be inferred that NI is a new engine to promote high-quality economic development; however, there are limitations in the research on its low-carbon effect: First, much of the existing studies have either focused on NI’s economic performance at national, regional, and enterprise levels or explored its environmental impact through single indicators such as total carbon emissions and carbon intensity. This approach makes it challenging to accurately assess NI’s comprehensive effects on a city’s carbon reduction and efficiency enhancement behaviors. Second, some studies have used specific proxies such as Internet penetration or policy dummy variables to represent NI, which may not accurately capture the level of developing NI at the city level. Due to limitations of previous studies regarding the relation between NI and carbon performance, the causal relation between the two remains to be clarified. There is a need to comprehensively characterize NI and its positive impact on urban green, low-carbon, and high-quality development. Third, the adverse effects of NI on carbon emission reduction have garnered more attention, and its positive impacts and the role of spatial spillovers in alleviating emission reduction pressures need further analysis.
In view of this, this paper links carbon emissions to economic development and measures the impact of NI on the efficiency of urban low-carbon economic development through TFCP indicator that considering multiple input and output factors. We innovatively constructed a system of indicators to measure the level of infrastructure development at the city level from the three dimensional layers of information, integration and innovation. The enhancement effect of NI on urban TFCP is also empirically examined, further revealing the positive spillover impact of NI on the low-carbon development of neighboring regions.
3 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
3.1 Direct effect of NI on TFCP
NI serves as the cornerstone of intelligent city construction and is fundamental for enabling the digital economy to bring about environmental improvements. Focusing on the connotation dimension of NI, we emphasize three aspects, namely information, integration, and innovation, which are aimed at promoting carbon reduction in cities.
First, information infrastructure lays the foundation for the comprehensive development of the urban digital economy. It bears the transmission of various information technologies such as big data, the Internet of things, artificial intelligence, and digital twins, establishing a collaborative network across the city. According to the resource-energy hypothesis, resources and energy are endogenously substitutable (Acemoglu et al., 2012). This implies that as the scale of information capital expands, information infrastructure can be dematerialized by high-tech information technologies, thereby optimizing and replacing enterprise production, processing, marketing, and management processes. Consequently, the result in reduced production costs and energy consumption reduce, thereby contributing to energy conservation and decarbonization (Zhong et al., 2022; Fu et al., 2023).
Second, the deep integration of digital technology into production and life scenarios plays a crucial role in fostering low-carbon urban development by reshaping industrial processes and promoting intelligent living. On one hand, the integration of digital technology within industries has effectively promoted specialized labor divisions in production. This integration has deeply permeated crucial carbon-emitting industries like petrochemicals, electricity, industry, construction, and transportation, facilitating whole-industry and whole-chain digital transformation and low-carbon industrial process re-engineering, concurrently leading to improvements in both carbon emissions and production efficiency (Dedrick et al., 2013). On the other hand, integrating NI into smart city frameworks encourages the gradual transformation of residents’ lives toward paperless, advanced, and low-carbon alternatives. NI facilitates the realization of intelligent living, including digital payments, smart travel, and online healthcare, streamlining residents’ daily behaviors and thereby reducing urban carbon emissions by improving travel efficiency and promoting low-carbon consumption (Mouratidis et al., 2021).
Third, innovation infrastructure with public goods attributes bolsters scientific research, technical advancement, and environmental protection, while furnishing technological dividends for urban units to engage in environmental governance. This enables environmental regulators to dynamically and promptly monitor production emissions, thereby achieving the process control of carbon emissions. Establishing a precise carbon information service platform through digital innovation lays the groundwork, which will work together with energy-consuming rights trading policy and environmental information disclosure system, for enhancing governmental digital carbon management and the effectiveness of digital carbon reduction efforts (Guo et al., 2024a; Fang et al., 2022; Wang et al., 2024). In light of these observations, this study proposes Hypothesis 1.
H1:. Developing NI can enhance urban TFCP.
3.2 Threshold effect of NI on TFCP
During the industrialization phase, developing countries have heavily relied on extensive resource consumption in exchange for GDP growth, leading to a steady rise in carbon emissions. This rough development model poses challenges to the sustainability of economic growth and may lead to “productivity paradox”. Consequently, the efficacy of NI to promote TFCP is difficult to release. Additionally, developing countries often lack a robust foundation for advancing the digital economy, leading to increased energy consumption in pre-development stage of NI and a delay in carbon reduction efforts. In the early stages of development, the digital transformation of resource-dependent industries by NI, may boost their production efficiency, thereby stimulating higher energy consumption and impeding the Improvement in TFCP.
With dual-control constraints on the total amount and intensity of energy consumption, NI is propelled by digital advancements, instigating profound transformations within the energy sector, thereby diminishing the reliance of economic growth on energy consumption. Cities boasting larger economies, diverse industry types, and lower resource dependence, facilitating the scaling up of NI, are more prone to reap the benefits from the positive effects of NI on carbon performance (Du et al., 2023). Therefore, the impact of NI on TFCP may be constrained by the characteristics of regional energy consumption thresholds. The amalgamation of NI and energy constraints can effectively bolster TFCP.
H2:. The effect of carbon emission reduction from new infrastructure development depends heterogeneously on regional energy consumption. NI’s positive facilitating effect on enhancing urban carbon performance gradually increases as energy consumption decreases.
3.3 Spatial spillover effects of NI on TFCP
As the cornerstone of the digital economy, NI’s roles in enhancing the efficiency of regional economic development have been validated. Drawing from Metcalfe’s law of network technology development, NI effectively transcends the spatial and temporal constraints of information exchange, facilitating the cross-regional flow of high-value elements and generating spatial spillover effects (Du et al., 2023; Yan et al., 2022). With its universality and shareability, NI empowers the digital economy to break through geographical constraints, thereby unleashing the diffusion effect and influencing “local-neighborhood” economic activities (Bronzini and Piselli, 2009). Consequently, NI not only impacts the region’s TFCP but also enhances the carbon performance of neighboring regions.
H3:. Developing NI exhibits a spatial spillover effect on TFCP in the neighboring areas.
The theoretical framework is illustrated in Figure 1.
[image: Flowchart depicting effects on carbon information service platforms (TFCP) through infrastructure and new infrastructure (NI). Direct effects include information, convergence, and innovative infrastructures leading to technological penetration and intelligent life. Threshold effects cover productivity paradox and energy revolution. Spatial spillover involves Metcalfe's law and diffusion effects. Arrows indicate the flow and interaction between elements leading to TFCP.]FIGURE 1 | Theoretical framework.
4 RESEARCH DESIGN
4.1 Modelling
This study establishes the following benchmark regression model to assess the direct impact of NI on TFCP. The detailed calculation is as Equation 1.
[image: Equation showing a model: TFCP_it = a_0 + a_1 NL_it + Σ a_c Control_it + λ_t + η_i + ε_it.]
Where i denotes city; t denotes year; TFCP denotes total factor carbon productivity; NI denotes the level of new infrastructure development; Controlit denotes a series of city-level control variables over time, including resourcing level (RAL), financial development level (FDL), level of investment in assets (IFA), economic development level (EDL), and degree of industrialization (IDD); λ denotes individual fixed effects; η denotes time fixed effect; and ε is the random perturbation term.
To further explore whether there are nonlinear effects and threshold conditions for the contribution of new infrastructure development to total factor carbon productivity in cities, this study established the threshold effect model on Model (1) as the Equation 2 (Hansen and Seo, 2002):
[image: The equation shown is for a model: \( TFCP_{it} = \beta_0 + \beta_1 NI_{it} I(EC_{it} \leq \gamma) + \beta_2 NI_{it} I(EC_{it} > \gamma) + \sum \beta_5 Control_{it} + \lambda_t + \eta_i + \epsilon_{it} \).]
In the equation, EC denotes the threshold variable energy consumption, γ denotes the threshold, and I denotes an indicator function that assumes the value 0 or 1.
Furthermore, to explore the spatial spillover effect of carbon emission reduction of new infrastructure construction, Model (1) has been expanded into a spatial panel model by adding a spatial interaction element as the Equation 3 (Elhorst, 2012):
[image: Equation showing a model: TFCP_{it} equals δ₀ plus ρWTFCP_{it} plus δ₁NI_{it} plus μ₁WNI_{it} plus the sum of μ₂WControl_{it}, plus λₜ plus ηᵢ plus ε_{it}, labeled as equation (3).]
Here, W denotes the spatial weight matrix, ρ denotes spatial effect coefficients, and μ1 and μ2 denote the spatial lag terms’ coefficients for the primary explanatory and controlling variables, respectively.
4.2 Variable settings
4.2.1 Explained variable: TFCP
Carbon productivity can link carbon emissions to economic development, and has emerged as a critical metric for gauging the efficiency of a country’s (region’s) low-carbon economic development. A single-indicator measurement approach emphasizes the direct correlation between carbon dioxide emissions and GDP. However, this method fails to capture the intrinsic relations between CO2 emissions and factors such as capital, labor, and energy, thereby hindering the comprehensive assessment of multiple inputs and outputs. The TFCP indicator, which integrates various relevant factors, considers offers account both economic efficiency gains and environmental carbon reductions (Li and Liao, 2022; Chen and Yao, 2024). It is more appropriate for evaluating the win-win performance of carbon reduction and efficiency gains.
Among the various methods for measuring TFCP, nonparametric data envelopment analysis (DEA) stands out for its ability to effectively address issues related to different scales and angular bias. DEA does not require the construction of production functions and has found widespread application in efficiency measurement studies (Zhou et al., 2017).
The present study employs a nonradial, nonangular Slacks-Based Measure (SBM) model to measure urban TFCP, drawing on the work of Tone and others (Tone, 2001). The indicator system comprises input and output components. The input component includes capital, labor, and energy. The fixed capital stock reflects the capital input and is processed using the perpetual inventory method (PIM) (Nehru et al., 1995). The formula of capital stock used for calculation is as follows: [image: Mathematical equation showing: \( K_{it} = K_{it-1} (1 - \delta_{it}) + I_{it} \).]. Utilizing 2000 as the base year, we consider an economic depreciation rate of 9.6% (Zhang et al., 2004). The practitioners in cities take on the dual role as both producers and consumers, intricately linked to carbon emissions, so the labor input factor is determined by the number of practitioners in cities (Chen and Yao, 2024). The energy input factor is gauged by the total amount of electricity consumed across various locations (Kong et al., 2024). The output element encompasses desired and undesired outputs. The desired output indicator is expressed in terms of gross regional product, and the undesired output is represented in terms of CO2 emissions. The CO2 emissions are calculated using the IPCC2006 methodology that involves applying data on the amount of energy consumed by electricity, natural gas, and liquefied petroleum gas, which are relatively easy to obtain in prefecture-level cities, and multiplying them by carbon emission coefficients, then summing to calculate total urban carbon emissions (Shan Y et al., 2018).
4.2.2 Explanatory variable: NI
Existing literature has mainly assessed NI development based on individual indicators such as the total volume of postal and telecommunication services, length of fiber-optic cable lines, Internet penetration rate, and the “Broadband China” strategy (Danish et al., 2018; Yang et al., 2022; Xiao et al., 2024). While these indicators provide insights into specific aspects of NI development, they may not offer a comprehensive measure of overall NI levels in a particular region.
Based on the definition of new infrastructure from the Commission on National Development and Reform of China, and according to the research ideas of Ndubuisi et al. (2021), Lan and Zhu (2023) and Chang et al. (2024). This research constructs an evaluation index system for China’s city-level new infrastructure from three dimensions: information, convergence, and innovation, to thoroughly mirror the reality of China’s urban new infrastructure development. Information infrastructure pertains to the communication network infrastructure reliant on new-generation information technology. Converged infrastructure combines information technology and traditional infrastructure to address deficiencies in the modern era. Innovation infrastructure empowers various sectors including science, education, and industry with digital innovation technology. By integrating the dimensions of information, convergence, and innovation, the level of NI development at the city level is determined using the entropy weight method. Table 1 reports the specific indicators.
TABLE 1 | Evaluation system for new infrastructure development.
[image: Table outlining infrastructure indicators. Columns include Target Level, Dimensionality Layer, Indicator Layer, and Description of Indicators. Rows indicate Information, Convergence, and Innovative Infrastructure, detailing various metrics for technology and digital integration, such as number of companies, mobile phone subscribers, and internet users.]4.2.3 Other variables
The threshold variable is energy consumption (EC), measured as electricity consumption per capita for society, which is calculated as the ratio of total electricity consumption for the year to the number of people in the area (Khanna and Sharma, 2021).
The rest of the data are control variables for this paper. Drawing on the research methodology of Li et al., 2012, Rehman et al. (2019) and Fang et al. (2020), the main control variables are as follows: (1) Resource allocation level (RAL), represented by road space per capita; (2) financial development level (FDL), indicated by the year-end deposit and loan balances of the financial sector as a share of GDP; (3) level of asset investment (IFA), quantified as investment in fixed assets per capita; (4) economic advancement level (EDL), measured as regional GDP per capita; (5) degree of industrialization development (IDD), expressed as the share of output in the secondary sector to the share of employees in the secondary sector.
4.3 Data sources and descriptive statistics
To account for the missing data of some cities and ensure the continuity and availability of sample data, this study includes 280 prefecture-level cities in China from 2011 to 2019. A balanced panel of data from 2,520 cities is then formed. Data are sourced from the China Urban Statistical Yearbook, China Energy Statistical Yearbook, Statistical Yearbook of Urban Construction in China, Annual Development Report of China’s Electric Power Industry, provincial and municipal statistical yearbooks and statistical bulletins, as well as the Juchao Information Network. We employed interpolation to manage data lacunae. Some variables are logarithmic to ensure scale uniformity. Descriptive statistics for each variable are presented in Table 2.
TABLE 2 | Descriptive statistics.
[image: Table displaying statistical details for various variables, each having 2,520 observations. Categories include explained, explanatory, control, and threshold variables. Columns list the average value, standard deviation, minimum value, and maximum value.]5 EMPIRICAL RESULTS AND ANALYSES
5.1 Benchmark regression results
Based on the theoretical analyses and hypotheses, first, this study explores the performance of the fundamental role of new infrastructure construction in carbon emission reduction. Table 3 presents the results of the benchmark regression of Model (1), controlling for the individual and time-fixed effects. Notably, the contribution of NI to urban TFCP appears relatively robust, with all impact coefficients being significant at 1% confidence level. Specifically, each 1% increase in the level of NI corresponds to an average 0.48% increase in TFCP. Although the effect decreases after incorporating control variables, it remains significant, affirming that developing NI bolster urban TFCP. This suggests that NI possess environmentally friendly characteristics and can support low-carbon sustainable development in cities (Vaka et al., 2020). These results verify Hypothesis 1 of this study.
TABLE 3 | Benchmark regression results of NI on TFCP.
[image: Regression analysis table with five models. Columns present results for TFCP against various factors like NI, RAL, FDL, IFA, EDL, and IDD. Controls include individual fixation and fixed time. Observations range from 1,960 to 2,520. Significant coefficients are marked with asterisks. Constant values, R-squared, Kleibergen-Paap, and Hansen J statistics are noted. The note explains the regression context and significance notation.]Meanwhile, ecnonmic development level (EDL) and degree of industrialization development (IDD) also contribute to TFCP. Financial development level (FDL) and investment in assets (IFA) are negatively correlated with TFCP and both are significant at 1% level. This result suggests that the level of economic and industrialization development is an important factor in urban carbon reduction and efficiency, while controlling the level of financial development and asset investment is crucial.
Furthermore, this study employs lagged orders of NI for regression to mitigate possible causal inversion and endogenous disturbances stemming from unobservable factors in the benchmark regression (Hu et al., 2023; Lan and Zhu, 2023). As depicted in columns (3) and (4) of Table 3, the effect of lagged NI on TFCP remains significant. The robustness of the results is indicated by the positive and negative attributes of the coefficient values and the significance of the estimation outcomes, confirming the lagged effect of NI’s influential role.
Lagged first and second orders of new infrastructure are employed as instrumental variables (IV) and estimated using two-stage least squares (2SLS) to further mitigate variable endogeneity (Li and Liu, 2022). The results in Column (5) of Table 3 indicate that the promotional effect of NI on TFCP persists under this approach.
5.2 Robustness check
5.2.1 Replace explained variables
This study recalculates explained variables (TFCP) by expanding the dimensions and reconducts regression tests by comprehensively considering the input and output performances of the production factors (Kong et al., 2024). In this context, two additional resource factors, water and land, are considered alongside the existing capital, labor, and energy input factors. In addition to the desired outputs of economic value, the wellbeing of life is considered, with the green space per capita in parks serving as a proxy for this aspect. The TFCP is recalculated using the super-efficient SBM model and labeled as TFCP1, and the parameters of the benchmark regression model are re-estimated. The results are displayed in column (1) of Table 4, which indicate that findings are stable and valid.
TABLE 4 | Robustness test.
[image: A table shows regression results across four models labeled (1) to (4). Each model evaluates different conditions related to replacing variables and excluding city types. Variables include NI, RAL, FDL, IFA, EDL, IDD, and NIl, with coefficients and standard errors in parentheses. Significant values are indicated by asterisks. Additional notes mention individual fixation, fixed time, observations, and R-squared values. The note at the bottom provides further context about the columns and significance levels.]5.2.2 Replace explanatory variable evaluation methods
The informativeness method is employed as an alternative approach to evaluate the level of NI development, and further regression tests are conducted (Ndubuisi et al., 2021; Yang et al., 2021). The results are presented in Column (2) of Table 4. The positive effect of NI on TFCP remains significant. This finding reaffirms the beneficial role of NI in enhancing the city’s TFCP.
5.2.3 Exclusion of special samples
Acknowledging the distinctive characteristics of directly governed cities, which fall under the direct administration of the central government, and coastal cities, which often benefit from preferential national policies, it is evident that their infrastructure configuration, economic development level, and degree of information differ from those of other prefecture-level cities. To enhance the generalizability of the research results, the sample data from directly governed and coastal cities are excluded. Regression tests are conducted again (Chang et al., 2024; Li et al., 2024). The positive and negative attributes of the coefficient values in columns (3) and (4) of Table 4 demonstrate the robustness of the findings of this study.
6 FURTHER ANALYSIS
6.1 Analysis of threshold effects
This study empirically tests the threshold effect of regional energy consumption by using a panel threshold model to further explore whether NI affects TFCP nonlinearly. According to Model (2), a self-sampling threshold effect test (bootstrap) is initially conducted with 1,000 repeated samples to confirm the existence of a threshold. The results show that energy consumption has passed the single-threshold and double-threshold tests at 1% significance level. It indicates that the contribution of NI to TFCP exhibits heterogeneity under different levels of energy consumption. Graphs depicting changes in the likelihood ratio (LR) statistics of the threshold variables clearly illustrate the threshold estimates and their confidence intervals, as detailed in Table 5 and Figure 2.
TABLE 5 | Threshold effect tests.
[image: Table displaying threshold analysis for energy consumption across full, nonresource-based, and resource-based city samples. Columns include threshold type, F value, P-value, boundary value (10%, 5%, 1%), threshold value, and confidence intervals. Energy consumption for the full sample shows both single and double thresholds, while resource-based cities show none. Specific numerical values are provided for each category.][image: Two line graphs display LR statistics over thresholds. The first graph, labeled "First Threshold," shows a sharp drop, followed by a rise. The second graph, labeled "Second Threshold," shows fluctuations before stabilizing. A red dashed line indicates the five percent critical value on both graphs.]FIGURE 2 | Plot of change in LR statistic for the whole sample.
The results presented in Table 6 indicate that NI contributes to urban TFCP, and energy consumption exhibits a double threshold effect on this relation, passing the 1% significance level test. Specifically, when the level of energy consumption is below 5.213, every 1% increase in the level of NI construction will lead to 10.643% increase in TFCP; when the level of energy consumption in the city exceeds the threshold, the impact coefficient of NI decreases to 3.888; and when the level of energy consumption exceeds the second threshold, the estimated coefficient of the impact index of NI decreases to 0.354. It indicates that the impact of NI on urban carbon performance is affected by the regional energy consumption threshold. The effect is obvious in cities with low energy consumption, while in cities with strong resource dependence, the carbon reduction effectiveness of NI is difficult to be realized.
TABLE 6 | Threshold regression and robustness test results.
[image: A table displays threshold regression results for different samples and variables. It includes columns titled "Variant," "Full sample," "Nonresource-based cities," and "Robustness check," with sub-columns for "TFCP," "TFCP2," and numerical data. Key variants are categorized by NI (EC) thresholds with respective values and standard errors. Control and constant variables are specified, along with summary statistics like observations and R-squared values. Note: Columns (1) and (2) show full sample results, (3) and (4) show robustness test results. Statistical significance is denoted by asterisks.]Many cities characterized by high levels of energy consumption are in a rough development mode, relying heavily on industries with high energy consumption and emissions for economic growth. This situation leads to significant contradictions concerning resources, environment, climate, and security. The convergence of new infrastructures and resource-dependent industries plays a limited role in such cities. Even if the manufacturing efficiency of traditional resource-based industries improves through digital technology, it often results in further driving regional energy consumption, with a minimal pull effect on the city’s carbon performance or even exacerbating low-carbon hazards (Hu et al., 2023). However, cities with a low level of energy consumption usually have a larger scale of national innovation investment and a higher level of digital technology application and innovation. Therefore, the investment in digital infrastructure construction in low-energy cities is more massive, and providing richer application scenarios for them to promote the transformation and upgrading of energy structure and the green and low-carbon development of industries (Zhang et al., 2023a).
In the traditional theory of economic growth, abundant natural resources are the basis for the start of industrialization and the guarantee of sustainable economic development. Resource dependent cities and Resource undependent cities differ in terms of resource endowment and energy use efficiency. Thus, the sample has been divided into 109 resource-based cities and 171 nonresource-based cities to verify the energy consumption threshold effect for both types of cities. The findings demonstrate that in the sample of resource-based cities, the threshold effect of regional energy consumption fails the significance test. The industrial structure of resource cities is mostly high energy consumption and high pollution. Their reliance on traditional resources is characterized by typical “path dependence” and “lock-in effect”. The persistence of their high-energy consumption pattern hinders the green transformation of traditional industries and the development of new energy industries, thus weakening the carbon-reducing effect of new infrastructures (Du et al., 2023).
A sample test of non-resource cities shows that new infrastructure development has a positive impact on the increase of total factor carbon productivity in cities, and that energy consumption has a double-threshold effect on this positive impact. With the rapid progress of industrialization, the demand for coal, electricity and other energy consumption of the whole society remains high in the early stage of urban development. At this stage, the digitalization level of cities is relatively backward, and the new infrastructure construction fails to follow up, which makes it difficult to release its effect on carbon performance. Industrial change promotes the diversification of the development mode of non-resource cities, and the level of energy consumption of the whole society is gradually reduced. At this stage, as the level of digital technology application in cities gradually increases, it creates more favorable conditions for the integration and penetration of new infrastructures (Pan et al., 2022; Peng et al., 2024). This has also led to digital infrastructure and digital platforms even better in cities, which makes it easier to upgrade industrial structure and green technological innovation, and strive to improve the efficiency of energy utilization, thus curbing carbon emissions (Liao and Liu, 2024).
In addition, this paper also replaces the explained and explanatory variables during the threshold test and the robustness test shows that the research conclusions are still valid. In addition, this paper also replaces the explained and explanatory variables in threshold test during the threshold test. The robustness test shows that the research conclusions are still valid.
6.2 Analysis of spatial effects
To examine the existence of a spatial influence and linkage between NI and urban TFCP changes, first, we assess the spatial correlation of the core variables by calculating the global Moran’s Index (Moran’ I). The Moran’ I index is calculated using the Formula 4 (Tiefelsdorf and Boots, 1997):
[image: Formula for Moran's I: \( \frac{n \sum_{i=1}^{n} \sum_{j=1}^{n} w_{ij} (x_i - \bar{x}) (x_j - \bar{x})}{\sum_{i=1}^{n} \sum_{j=1}^{n} w_{ij} \sum_{i=1}^{n} (x_i - \bar{x})^2} \). Equation number (4).]
Where n denotes the number of sample cities; xi, xj are TFCPs of cities i and j; [image: It seems like there was an error. Could you please upload the image or provide more context?] is the sample mean value of x; wij denotes the constructed spatial weight matrix. When i and j are not neighboring, wij = 0, and vice versa is 1. The global Moran’ I index takes the value range of [-1, 1], and if Moran’ I > 0, it indicates the existence of spatial positive correlation of TFCP, and if Moran’ I < 0, it indicates the existence of spatial negative correlation (Hao and Liu, 2016).
The construction of spatial weight matrix is the basis for spatial measurement correlation analysis. In order to reflect the degree of spatial correlation between cities and the spatial effect of NI on the impact of TFCP (Elhorst, 2012). Considering that the research content and explanatory variables in this paper are related to environmental pollution and energy consumption, and therefore related to spatial distance. So this paper chooses to construct the weight matrix based on the spatial neighboring of cities (W1) and geographic distance (W2). The detailed calculation is as Equation 5 and Equation 6.
[image: Mathematical expression defining \( W_{ij} \) as a binary variable. \( W_{ij} \) equals one when city \( i \) and city \( j \) share a common boundary or node, and zero when they do not.]
[image: \[ W_2 = \begin{cases}  1/d_{ij} & \text{if } i \neq j \\ 0 & \text{if } i = j  \end{cases} \] Equation number six is shown on the right.]
Here, dij denotes the surface distance between cities calculated by longitudinal and latitudinal position, with greater weighting given to closer geographic proximity.
The results are presented in Table 7. The values of global Moran’s I index for both NI and TFCP are positive, indicating significant spatial autocorrelation between the two variables. To further explore the spatial effects, this study selects the spatial Durbin model (SDM) with double fixed effects based on the LM, LR, Wald and Hausmann tests (Elhorst, 2014).
TABLE 7 | NI, TFCP global Moran’s index.
[image: Table showing Moran's I and P values for vintages from 2011 to 2019. It compares TFCP and NI across spatial neighborhood (W1) and geographical distance (W2). Values indicate spatial autocorrelation and significance for each vintage year.]Table 8 displays the spatial autocorrelation regression coefficients ρ of the two models, which are 0.141 and 0.541, respectively. Both coefficients pass the 1% significance level test, indicating that the city’s TFCP is affected by the NI levels in geospatially proximate cities. This finding confirms that NI exhibits a radiative effect on regional carbon emission performance, consistent with the findings of selected scholars (Zhang et al., 2023b). The positive effect persists in the regression coefficients of the spatial interaction terms. The coefficient of the interaction term with geographical distance is even more significant, indicating that NI enhances the TFCP of neighboring cities, and this cross-regional spillover effect is closely related to geographical distance.
TABLE 8 | Spatial measurement model regression results.
[image: Table showing results of spatial effects tests for four variants. Columns (1) and (3) use spatial adjacency matrix; columns (2) and (4) use geographic distance matrix. Each column displays values for NI/WNI, control, ρ, sigma2_e, observations, and R². Key statistical significance levels indicated by asterisks. Observations are 2,466. R² values are 0.182 and 0.242 respectively.]NI enables the continuous adaptation of a city’s internal space through the aggregation of multiple functions and the transmission of massive amounts of information, effectively connecting the city’s external space. While some studies have suggested a spatial-geographical decay law of knowledge spillover (Fischer et al., 2009), the high permeability of NI determines its role in blurring the traditional geographic boundaries and facilitating knowledge sharing. NI breaks through the limitations of geospatial distance; promote flow of knowledge, information, data, and other innovation factors across regions; and reduce information asymmetry caused by geographic distance (Raghupathi et al., 2014). This strengthens the correlation between a city’s carbon emission performance and the level of NI development in neighboring cities. In that case the NI of neighboring cities significantly contributes to local low carbon development through elemental correlation.
Because of a significant and nonzero ρvalue, the direct use of regression coefficients cannot adequately explain the effects of the two variables. Therefore, the total marginal effect should be divided into direct and indirect effects to more comprehensively analyze the effects of each factor on urban TFCP (Lesage and Pace, 2009).
Regarding the total effect (see Table 9), NI facilitates the improvement of the TFCP index in the region and neighboring cities under two spatial weight matrices of neighborhood and geography. The deployment and utilization of new infrastructure in the region radiate the integration and development of digital industries in neighboring regions. The application of information technology enhances productivity by reducing energy loss, while reducing emissions of pollutants such as CO2, thereby promoting low-carbon development in the local area and neighboring regions (Khan et al., 2018).
TABLE 9 | Spatial measurement model regression results.
[image: Spatial weighting matrix table displaying effects for matrices W1 and W2. For W1: Direct effect is 0.415 with a standard error of 0.059, indirect effect is 0.439 with 0.139, and total effect is 0.855 with 0.135. For W2: Direct effect is 0.395 with 0.060, indirect effect is 3.803 with 1.510, and total effect is 4.199 with 1.501. Significant levels are denoted by asterisks: *** for p < 0.01, ** for p < 0.05, * for p < 0.1.]From the results reflecting by the direct and indirect effects, the direct and spillover impact coefficients of NI on urban TFCP are significantly positive at 1% confidence level. This indicates that NI significantly positively affects carbon reduction and improve efficiency in the region. Its diffusion effect surpasses the echo effect, enhancing the green, low-carbon, and high-quality development of neighboring regions. Notably, the spatial spillover effect under the geographic weighting matrix is substantially more pronounced than the direct effect, with a difference in the coefficient of influence of NI being 3.408. This suggests that the geographic distance significantly amplifies the promotional effect of NI on TFCP of neighboring regions. Moreover, NI promotes high-efficiency concentration and diffusion of information technology factors between regions through spatial clustering and production networking. It also drives the greening, digitalization, and energy-saving upgrading of production processes and techniques. The accelerated establishment of a wide-coverage intelligent transport and fast-track system, along with the rapid flow of production factors across regions and the continuous reduction of logistics and transaction costs, contribute to the formation of an organic community among cities (Hepburn et al., 2021).
7 CONCLUSIONS AND POLICY IMPLICATIONS
Digital technologies play a crucial role in driving towards a zero-carbon future. This paper explores whether new infrastructures as vehicles for digital technologies can play a role in carbon reduction and efficiency enhancement in cities. Drawing on panel data from 280 Chinese cities spanning 2011–2019, this study investigates the effect of NI on urban TFCP, offering insights to complement existing literature and create policy rationale toward low-carbon development through digitization. The main findings of the study are as follows: (1) The fundamental role analysis shows that NI positively influences urban TFCP, with robustness of the result affirmed through various testing methodologies. (2) As the level of energy consumption decreases, the positive contribution of NI to TFCP gradually increases. This effect is obvious in non-resource cities, while the carbon reduction effect of new infrastructure is difficult to realize in cities with strong resource dependence. (3) The spatial spillover effect analysis indicates that NI can accelerate local carbon performance and exerts a positive spillover effect on neighboring cities through emission reduction and pressure reduction, thereby promoting large-scale urban integration.
Based on the empirical tests provided above, we present the following policy recommendations:
In view of the significant impact of NI on the improvement of urban carbon performance, On one hand, it is recommended to advance the layout of NI appropriately, increase the penetration rate of information infrastructure such as 5G base stations, data centers, and the Internet of Things, so as to enhance the new energy level of the digital pedestal. The “NI” should be emphasized the effectiveness of investment, and localities make a prediction of investment prospects. It is necessary to design the profit model rationally and arrange the financing method. It should be made feasible for commercial investment, enhance development momentum and form high-quality assets that can be reused in the long term. Meanwhile, it is necessary to increase financial support to support the relevant fields of universities, research institutes and enterprises to carry out common technology research jointly and solve technical problems of industries involved in NI. On the other hand, strengthening the innovation infrastructure that supports scientific research and promoting the application of digital technology in urban low-carbon management. Carbon emissions are monitored and analyzed through big data, and the effects of environmental policy implementation are assessed. This improves the efficiency and responsiveness of urban governance and creates conditions for enhancing the effectiveness of digital carbon management and digital carbon reduction by the government.
Furthermore, considering that the carbon emission reduction effect of NI is affected by regional energy consumption thresholds, cities should strengthen energy constraints and other key supporting factors and seize energy consumption’s “threshold point” in NI development. On one hand, accelerate the deep integration of information technology and resource-based industries, and lead the transformation and upgrading of traditional energy industries with digital technology. Cities introduce policies and norms to promote the synergistic development of digital infrastructure and green energy actively. promote the rational distribution of green energy, and improve the energy utilization efficiency of the digital industry. On the other hand, the Government has scientifically designed and deployed an accurate energy control mechanism, built a modern smart grid and promoted the digitalization of energy control. Through real-time monitoring and analysis of energy use data, the visualization of energy use is realized, ultimately improving energy use efficiency and reducing energy consumption.
Finally, NI has spatial spillover effects on neighboring cities in terms of carbon reduction and efficiency, and contributes to the construction of ecological civilization in urban agglomerations by upgrading innovation capacity and accelerating urban-rural integration. However, the prevalence of information silos and the lack of effective integrated planning have led to different cities promoting NI projects independently without unified coordination, resulting in scattered resources and duplication of construction. At the starting line of the construction of smart city clusters, a top-level design with a far-reaching orientation is crucial. The Government should strengthen interregional cooperation in the development of the digital economy and coordinate the construction layout of interregional data centers, arithmetic algorithms, industrial Internet and other infrastructures to maximize their effectiveness. The carbon-reducing effects of new infrastructure can cross traditional urban governance boundaries by industrial integration, corporate cooperation and factor sharing. This creates a green and intensive regional integration pattern and improves the overall green economy efficiency among cities.
Although this study uses 280 cities in China as the sample, the findings are equally helpful for other emerging countries. Like China, most developing economies are still in the early stages of NI. Expanding effective investment and advancing the layout of NI will significantly impact the economic growth of these countries.
This study also has some limitations. On the one hand, we focus on the fundamental role, nonlinear effect and spatial spillover effect of NI impact on TFCP. This research line of thought weakens the differences manifested under different city characteristics. Future research can further explore the impact, such as different city sizes, factor endowments, and geographic locations. On the other hand, in the complex relationship of NI affecting urban TFCP, whether there are other factors that play a moderating role besides being constrained by the threshold characteristics of energy consumption. Which can be further explored at a later stage to explore the role of technological accumulation, human capital, and so on, in enhancing the empowering effect of digital investment.
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In the face of global climate change challenges, China’s implementation of the carbon emission trading (CET) pilot policy has provided new empirical research opportunities. Based on a dataset covering 281 Chinese cities from 2005 to 2021, this paper employs econometric models to conduct an in-depth analysis of the policy’s impact on urban green innovation (UGI). The findings indicate that the CET pilot policy has significantly promoted green innovation activities in affected cities, with positive effects observed both directly in pilot cities and indirectly in non-pilot cities through spatial spillover effects. In addition, the policy has been found to encourage technological investment and enhance public environmental awareness (PEA), further advancing green innovation. The paper also unveils comprehensive policy effects, indicating that the Big Data Comprehensive Test Zone policy and the New Energy Demonstration City policy work synergistically with the CET pilot policy in advancing green innovation. These findings provide valuable experiences and insights for designing environmental policy tools at the national level, promoting green development, and constructing climate change response strategies.
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1 INTRODUCTION
Global climate change has emerged as one of the most pressing environmental challenges facing the world today. Greenhouse gases released by human activities, particularly carbon dioxide (CO2), are the primary drivers of global temperature rise. Climate change poses significant threats to natural ecosystems, economic activities, and societal wellbeing, necessitating urgent action from the international community to reduce carbon emissions and mitigate its impacts. Carbon emissions trading, as a market-based mechanism, aims to reduce the overall volume of greenhouse gas emissions by establishing a cap on carbon emissions and allowing the trading of emission allowances. This mechanism is predicated on the “polluter pays” principle, incentivizing emission reductions by putting a price on carbon emissions (Zhang et al., 2020). Globally, the European Union Emissions Trading System (EU ETS) stands as one of the earliest implemented and largest carbon markets. Other regions, such as California, Quebec, and New Zealand, have also established their own carbon trading systems (Narassimhan et al., 2018). These practices demonstrate that carbon markets can serve as effective tools for reducing greenhouse gas emissions and promoting the development of green, low-carbon technologies.
Emissions trading, originating in the 1970s, has emerged as a pivotal ecological and environmental economic policy in market-oriented economies. Nations such as the United States, Germany, Australia, and the United Kingdom have successively implemented emissions trading policy measures. In 2006, at the Sixth National Environmental Protection Conference, China announced its intention to collaborate with relevant departments to promote reforms in the paid acquisition and trading of emission rights. The following year, seven provinces and municipalities were selected to initiate pilot programs for total emission control and trading of pollutants such as sulfur dioxide. Faced with the challenges of climate change and international pressure to reduce greenhouse gas emissions, the Chinese government formally launched carbon emissions trading pilot programs in 2011. Concurrently, pilot regions were instructed to research and formulate management measures for carbon emissions trading pilots, elucidate fundamental rules, calculate and establish regional greenhouse gas emission control targets, and develop allocation schemes for greenhouse gas emission quotas. Beginning in 2013, seven provinces and municipalities, including Beijing, Shanghai, and Guangdong, officially commenced carbon emissions trading operations. China’s carbon emissions trading pilot program comprises two main components: the carbon emission allowance trading market and the Chinese Certified Emission Reduction market. These pilots encompass multiple high-carbon-emitting industries such as electricity, steel, and chemical sectors, accumulating valuable experience for the construction of China’s national carbon market. Furthermore, these policies reflect China’s increasingly proactive role in global climate governance and its determination to transition towards a green, low-carbon economy. On one hand, carbon emissions trading requires pilot regions to enhance the quality of development in high-carbon industries, continuously adjust economic structures, eliminate polluting processes, equipment, and enterprises, and implement stringent emission standards for all enterprises, thereby raising entry barriers for heavily polluting industries such as steel, non-ferrous metals, traditional construction, and electricity. On the other hand, considering local industrial characteristics and development strategies, pilot regions are expected to accelerate low-carbon technological innovation and promote low-carbon development and industrialization. Through the implementation of these pilot policies, China aims not only to effectively control and reduce domestic carbon emissions but also to stimulate technological innovation and green low-carbon development through market mechanisms, thereby advancing the optimization and upgrading of its economic structure. Consequently, studying the impact of China’s carbon emissions trading pilot policy on UGI is significant not only for understanding the practices and challenges of the carbon market in China but also for providing important references and insights for the implementation of similar policies in other regions globally.
CET has been recognized as an important environmental regulatory tool for reducing CO2 emissions and mitigating climate change (Zhang et al., 2023). Since its implementation, China’s CET pilot policy has attracted widespread attention. Existing literature has discussed the policy’s effects on emission reduction (Sun et al., 2020) and socioeconomic impacts (Wei, 2015), among other aspects. For instance, Lu and Luo (2020), based on panel data from 30 provinces and municipalities in China and employing the difference-in-differences approach, analyzed the policy’s impact on CO2 emission volume and intensity, finding that the carbon trading policy has produced significant and sustained positive effects on the reduction of both regional CO2 emission volumes and intensities. Additionally, Shi et al. (2015), using a computable general equilibrium model (CGE) to build a simulation CGE model of the carbon trading mechanism, quantitatively estimated the impact of the carbon trading mechanism on China’s economic and social system, finding that it can effectively reduce carbon and energy intensity, promoting energy conservation and emission reduction processes, but at the same time having a certain negative impact on economic output.
Furthermore, an increasing number of scholars have begun to focus on the impact of CET on green innovation (Yu et al., 2022; Zhang W. et al., 2022). Most studies have found that CET effectively promotes green innovation. For instance, Chen et al. (2021), based on a quasi-natural experiment from China’s carbon trading pilot, used a difference-in-differences model and patent data to discover that carbon trading significantly reduced the proportion of green patents in pilot regions. Similarly, Liu and Li (2022) also used a difference-in-differences model and demonstrated that China’s carbon trading pilot policy induced green innovation in pilot regions, with a more pronounced effect on invention patents. Zhou and Wang (2022) employed a mediation effect model and found that carbon trading improved urban carbon emission efficiency through two pathways: corporate innovation and resource allocation. Zhang M. et al. (2022) utilized a panel data model and concluded that while CET inhibited renewable energy development in the implementation areas, it promoted renewable energy development in surrounding areas through spatial spillover effects, resulting in an overall positive effect. However, a few studies have concluded that CET suppresses green innovation. Zhang W. et al. (2022), using a difference-in-differences method, found that CET hindered immediate green technology innovation, as firms opted to reduce output rather than increase green innovation to meet emission reduction targets. Du et al. (2021), based on empirical results from provincial panel data in China from 2008 to 2018, revealed that the carbon trading pilot policy significantly reduced the proportion of green patents in pilot regions. The primary reason was that carbon trading crowded out corporate R&D investment and increased carbon prices, thereby inhibiting green innovation. It is noteworthy that each of these conflicting conclusions has its theoretical origins. On one hand, following neoclassical theory, when technology, resource allocation, and consumer demand are fixed, enterprises have already made cost-minimizing decisions, and introducing environmental regulations only increases environmental capital expenditures, weakening competitiveness and inevitably exerting certain displacement effects on technological innovation. On the other hand, according to the “Porter Hypothesis,” well-designed environmental regulations can lead to an “innovation compensation” effect on enterprises under changing constraints, thereby encouraging technological innovation.
Existing literature has also analyzed various factors influencing the effects of CET on green innovation. Liu and Li (2022) found significant differences in the sensitivity of state-owned enterprises and high-pollution industries to carbon trading policies. Xin-gang et al. (2023) identified that the success of the carbon trading pilots in Beijing and Guangdong was due to factors such as the refinement of quota accounting mechanisms, the use of compensated allocation methods, larger enterprise sizes, and increased R&D investments. Zhou and Wang (2022) indicated that the degree of marketization and the concept of green consumption positively moderated the impact of carbon trading on green innovation, with industrial structure upgrading playing a positive mediating role between the two. Yao et al. (2021) emphasized the importance of carbon market design, noting that active quota trading, ambitious auction mechanisms, and a focus on the largest emitting entities were key factors in the success of the Hubei pilot.
In summary, existing research primarily focuses on emerging economies such as China, employing quasi-natural experiments and econometric models. Most studies support the notion that CET promotes green innovation, though some have reached contrary conclusions. Factors influencing these effects include carbon market design, firm heterogeneity, and external environmental conditions. Overall, research on the relationship between CET and green innovation remains underdeveloped and unsystematic, with factors needing further refinement and empirical testing. Moreover, studies on the spatial spillover effects of carbon trading, its dynamic impact patterns, and its coupling and synergy with other emission reduction policy tools are still relatively weak and require further investigation. To advance research in this field and extend the analysis of the mechanisms involved, this study examines the relationship between China’s CET pilot policies and UGI using data from 281 cities. The specific contributions of this research are as follows. Firstly, this study not only assesses the overall impact of CET policies on UGI but also delves into the mediating roles of technological investment and PEA, thereby expanding the understanding of the policy’s impact pathways. Secondly, by employing various empirical methods such as difference-in-differences (DID) and spatial Durbin models (SDM), the study ensures the robustness and reliability of the findings while enriching the research on spatial spillover effects of carbon trading and providing new insights into the regional collaborative effects of the policy. Finally, the study explores the coupling and synergy effects of CET with other emission reduction policy tools, revealing the potential for multiple policy tools to jointly promote green innovation and offering references for future policy optimization.
2 THEORETICAL ANALYSIS
2.1 Economic incentive mechanisms
In global climate governance strategies, the CET system offers an innovative economic incentive mechanism, which achieves the goal of reducing greenhouse gas emissions through market means. By establishing a carbon market, this mechanism integrates the cost of carbon emissions into the operational expenses of companies, encouraging them to seek economically efficient ways to reduce emissions (Ellerman et al., 2007; Stavins, 2008). The core advantage of this system is its ability to stimulate market actors’ innovative drive, fostering the research, development, and application of low-carbon technologies, thereby achieving environmental protection goals without sacrificing economic growth (Porter and Linde, 1995).
Through economic incentives, the carbon trading mechanism not only promotes green innovation at the enterprise level but also drives green development in cities. As hubs of population and industrial activity, cities are primary sources of carbon emissions. Implementing CET encourages city administrators to adopt measures to improve energy efficiency, develop public transportation, and promote green buildings to reduce overall carbon emissions (Bulkeley and Betsill, 2005). Additionally, the emergence of the carbon market fosters the development of green financial instruments, providing financial support for sustainable city projects (Kamal-Chaoui et al., 2009).
However, the successful implementation of a carbon trading system must overcome many challenges, such as ensuring the stability of carbon prices, enhancing market participation, optimizing policy design, and strengthening regulation (Zhang et al., 2014). This demands close cooperation between policymakers, businesses, and market participants to realize the long-term objectives of the CET system.
2.2 Analysis of the direct impact of China’s CET pilot policy on UGI
The impact of China’s CET pilot policy on UGI is a multidimensional issue. The economic incentive mechanism is one of the key theories explaining how environmental policies encourage enterprises to engage in green innovation (Liu et al., 2021). According to the Porter Hypothesis (Porter, 1991), well-designed environmental regulations can internalize external costs, providing innovation incentives that enable enterprises to achieve both environmental and economic benefits. Specifically, China’s CET pilot policy exerts economic incentives in several ways. First, the CET mechanism internalizes the environmental costs of carbon emissions into the actual costs for enterprises, compelling them to consider the impact of carbon emissions on their operating costs (Zhao et al., 2022). To reduce carbon emission costs, enterprises are more inclined to adopt green technologies and processes, thereby promoting green innovation. Second, the CET mechanism increases the operating costs for high-carbon-emission enterprises, motivating them to invest in technology R&D to reduce emission intensity and thus lower carbon emission costs. Simultaneously, the carbon trading market provides new market opportunities for green technologies, encouraging enterprises and research institutions to invest more in the development of environmental technologies. Lastly, with the rising prominence of global climate change issues and the proliferation of green consumption concepts, enterprises with advanced green technologies will gain a competitive advantage in future markets (Li et al., 2022). The CET policy offers enterprises the opportunity to gain market share and brand reputation through green innovation, further enhancing their motivation to innovate.
When faced with institutional pressure, enterprises actively adjust their behavior to comply with external environmental requirements to gain legitimacy and resource support. China’s CET pilot policy exerts institutional pressure on enterprises through several mechanisms, promoting green innovation: The government enforces legal regulations and policy documents, mandating enterprises to participate in CET and meet corresponding emission reduction targets. This coercive pressure forces enterprises to adopt measures to reduce carbon emissions, promoting the application and innovation of green technologies. During the implementation of the CET pilot policy, leading enterprises that successfully adopt green technologies set an example for other enterprises. To remain competitive, other enterprises will imitate and learn from these leading enterprises’ green innovation strategies, creating a diffusion effect of green innovation within the industry (Tian et al., 2022). The implementation of the CET policy is accompanied by the establishment of related standards and industry norms, which require enterprises to adhere to green development principles in their production and operations. Normative pressure drives enterprises to upgrade technologies and innovate in management practices to comply with industry standards and norms, thereby achieving green innovation (Liu et al., 2020).
In summary, the economic incentive mechanism motivates enterprises to innovate through cost internalization, technological R&D investment, and competitive market advantages, while institutional pressure forces enterprises to adjust their behavior through coercive, mimetic, and normative pressures. The combined forces of these two mechanisms propel enterprises from passively responding to environmental regulations to actively pursuing green development, thereby achieving the goal of UGI. Therefore, we propose the research hypothesis H1:
H1. China’s CET pilot policy contributes to promoting UGI.
2.3 Analysis of the indirect impact of China’s CET pilot policy on UGI
2.3.1 China’s CET pilot policy, technological investment, and UGI
China’s CET pilot policy not only directly promotes UGI but also drives green innovation through indirect mechanisms such as increased technological investment. Technological investment is a critical factor in promoting green innovation. By investing in the research and application of technology, enterprises can significantly enhance resource efficiency, reduce pollution emissions, and foster sustainable urban development. Through increased investment in green technology research and application, enterprises can develop more efficient and environmentally friendly production processes and products, thus achieving efficient energy use and effective pollution control (Zhao et al., 2022). Technological investment also facilitates iterative upgrades in technology, enabling enterprises to continuously improve their green innovation capabilities and gain a competitive edge in the market (Chen et al., 2021). As technological investment increases, the overall level of green technology and innovation capacity in cities will also rise, steering cities towards green and sustainable development.
China’s CET pilot policy promotes technological investment in enterprises through various mechanisms, thereby indirectly fostering UGI. Firstly, the CET policy internalizes the cost of carbon emissions through market mechanisms, providing strong economic incentives. This compels enterprises to pay for their emissions, motivating them to invest more in green technology research and development to reduce carbon emission costs and enhance competitiveness (Feng et al., 2017). Secondly, the policy optimizes resource allocation, forcing enterprises to invest more in technological research and innovation to improve production efficiency and reduce emissions (Wu et al., 2021). Additionally, the policy stimulates external funding and resource investment, with the government and social capital increasing their investments in green technology projects, providing financial support and tax incentives, and attracting more enterprises and research institutions to participate in green technology research and development (Li et al., 2022; Wang et al., 2024). Lastly, the CET policy enhances the efficiency of technological investment by promoting collaboration and exchange. It encourages technical cooperation, joint research, and knowledge sharing between enterprises and research institutions, enabling quicker mastery of advanced green technologies and improving innovation efficiency.
In summary, China’s CET pilot policy indirectly promotes UGI through increased technological investment. Driven by economic incentives and policy support, enterprises actively engage in the research and application of green technologies. This not only achieves environmental protection goals but also enhances their competitiveness, driving sustainable urban development and green transformation. Therefore, the following research hypothesis H2 is proposed:
H2. China’s CET pilot policy promotes UGI through increased technological investment.
2.3.2 China’s CET pilot policy, PEA, and UGI
In addition to technological investment, enhancing PEA is a crucial factor in promoting UGI. PEA refers to the public’s understanding and concern about environmental issues, as well as their propensity to choose eco-friendly products and services in their daily lives and consumption habits (Yan et al., 2010). The enhancement of PEA can stimulate market demand for green products and technologies, thereby driving enterprises to engage in green innovation (Xu et al., 2021). As environmental problems become increasingly severe, public concern for environmental protection has risen, leading to a greater preference for eco-friendly products and services. This shift in market demand forces enterprises to continuously develop and provide products that meet environmental standards to satisfy consumer needs. Under this market pressure, enterprises actively pursue technological innovation and product improvement, thereby advancing the overall process of UGI. Additionally, the rise in PEA can also facilitate the enactment and implementation of environmental regulations and policies, creating external pressure on enterprises and further promoting green innovation (Zheng et al., 2014).
China’s CET pilot policy enhances PEA through various mechanisms, thereby indirectly promoting UGI. Firstly, the policy raises public awareness of carbon emissions and environmental protection through extensive publicity and educational activities. During policy implementation, the government and environmental organizations utilize various media channels to widely disseminate information and educate the public about CET and its significance. This dissemination of knowledge enhances public understanding and support for environmentally friendly technologies and products, thereby stimulating market demand for green products and technologies (Fan and Xiao, 2021). Secondly, the CET policy boosts public engagement in environmental actions through economic incentive mechanisms. During the policy’s implementation, measures such as tax incentives and subsidies are used to encourage public participation in environmental protection activities. For example, the government may provide subsidies to consumers who purchase eco-friendly products or offer tax incentives to individuals participating in CET (Ji et al., 2017). These economic incentives not only directly promote public environmental behavior but also indirectly drive enterprises to innovate green products to meet market demands (Cai and Ye, 2022). Furthermore, the policy fosters cooperation between enterprises and communities, enhancing public participation in green innovation. During the implementation of the CET pilot policy, the government encourages enterprises to collaborate with communities on environmental projects and activities. This cooperation not only strengthens public recognition and involvement in environmental protection but also provides enterprises with opportunities for direct interaction with the public. This interaction helps enterprises better understand market needs, allowing them to conduct targeted technological innovations and product improvements.
In summary, China’s CET pilot policy indirectly promotes UGI by enhancing PEA through various means. The policy leverages publicity and education, economic incentives, and community cooperation to strengthen public understanding and support for environmental protection. This, in turn, stimulates market demand for green products and technologies, driving enterprises to innovate and promoting sustainable urban development and green transformation. The following research hypothesis H3 is put forth:
H3. China’s CET pilot policy promotes UGI by increasing PEA.
2.4 China’s CET pilot policy, spatial spillover effects, and UGI
In addition to its direct and indirect impacts, China’s CET pilot policy also exerts positive influences on green innovation in neighboring cities through spatial spillover effects. Spatial spillover effects refer to the phenomenon where policies or economic activities in one region affect the economic and innovation activities of surrounding regions through various channels such as technology diffusion, knowledge transfer, and market linkages (Du et al., 2021). This effect is particularly important in the realm of environmental policy and green innovation, as environmental issues and innovation activities often transcend regional boundaries (Guo et al., 2023).
China’s CET pilot policy can generate positive spatial spillover effects on neighboring cities through technology diffusion and knowledge transfer. Following the implementation of the carbon trading policy, pilot cities actively develop and apply green technologies. These technologies and knowledge can then spread to neighboring cities through inter-firm cooperation, personnel mobility, and information exchange. For instance, enterprises in pilot cities may establish collaborative relationships with enterprises in neighboring cities to jointly develop and promote green technologies, thereby driving green innovation in those neighboring areas (Yang et al., 2022). Additionally, the movement of technical personnel and experts within the region facilitates the dissemination of knowledge and the application of technologies, enabling green innovation to be promoted and implemented over a broader area.
The CET policy also impacts neighboring cities through market linkage mechanisms. The establishment and operation of the carbon trading market not only affect the pilot cities but also have profound implications for the market environment and economic activities of the entire region. After implementing the carbon trading policy, pilot cities may develop more sophisticated green markets and industrial chains, attracting enterprises from surrounding cities to participate and fostering regional industrial collaboration. For example, enterprises in neighboring cities can engage in the carbon trading market to gain access to more green technologies and financial support, thereby enhancing their green innovation capabilities (Bai et al., 2023). Moreover, the increasing demand for green consumption within the region stimulates enterprises in neighboring cities to develop and promote eco-friendly products and services, further advancing regional green innovation.
In summary, China’s CET pilot policy generates positive spatial spillover effects on green innovation in neighboring cities through mechanisms such as technology diffusion, market linkages, and policy demonstration. The successful implementation of the pilot policy not only aids the green development of the pilot cities themselves but also, through regional interaction and cooperation, drives green innovation and sustainable development across the entire region. This spatial spillover effect not only amplifies the overall impact of the policy but also provides valuable insights and lessons for other regions seeking to implement similar policies. Hence, the following research hypothesis H4 is proposed:
H4. China’s CET pilot policy stimulates green innovation in neighboring cities.
3 METHODOLOGY
3.1 Model design
3.1.1 Baseline regression model
In this study, we use a dataset from 281 Chinese cities spanning the years 2005–2021 and treat the CET pilot policy as a quasi-natural experiment to explore its impact on UGI using the Difference-in-Differences (DID) method. The DID method is chosen for its effectiveness in leveraging the differences before and after the policy implementation as well as between pilot and non-pilot cities, allowing for an accurate estimation of the policy’s causal effect by controlling for potential unobserved heterogeneity and time trends. Moreover, the introduction of a two-way fixed effects model further enhances the accuracy of the estimations by controlling for city-specific effects that do not change over time and for time effects common to all cities, ensuring the robustness of the results. This methodological approach aims to provide a rigorous and scientific analytical framework to assess and interpret the specific role of China’s CET pilot policy in promoting UGI, offering strong empirical support for the formulation and optimization of related policies.
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Here, GIF represents urban-level green innovation, DID represents the dummy variable for China’s CET pilot policy, and X represents various control variables, including economic development level (agdp), financial development level (fin), openness level (fdi), infrastructure development (inf), government intervention (gov), and environmental regulation (er). In addition, [image: It seems there was a formatting issue. Please upload the image or provide additional context or a description for the image, and I will be happy to help with the alt text.] and [image: Please upload the image or provide a URL, and I'll create the alt text for you.] represent the fixed effect of urban individuals and the fixed effect of time respectively.
3.1.2 Mechanism test model
To test the mechanisms through which the new energy demonstration city policy affects UGI capability, the study employed a mediation effect model and examined the mechanisms from two aspects: technology investment and PEA.
[image: The image shows an equation: \(GIF_{i,t} = \alpha_0 + \alpha_1 DID_{i,t} + \delta X + \gamma_t + \omega_i + \epsilon_{i,t}\). This is labeled as equation (2).]
[image: The image shows an equation: \( middle_{it} = a_0 + a_1 DID_{it} + \delta X + \gamma_j + \omega_t + \epsilon_{it} \). It is labeled as equation (3).]
[image: Equation of a regression model: \( GFI_{it} = \alpha_0 + \alpha_1 DI_{t} + \alpha_2 middle_{it} + \delta X + \gamma_t + \omega_i + \epsilon_{it} \).]
Here, ‘middle’ represents technology investment (sci) and PEA (car) in Equation 3 and Equation 4, and Equation 2 is the same as Equation 1.
3.1.3 Spatial regression model
To delve into the spatial dimension of the impact of China’s CET pilot policy, this study introduced the spatial Durbin model shown below to investigate the spatial spillover effects of this policy on UGI. This method allows us to evaluate not only the impact of the policy on the implementing cities themselves but also to examine whether this impact is transferred to neighboring cities through interregional economic connections, thus creating a spillover effect. A common spatial economic distance matrix was used for the analysis.
[image: Mathematical equation representing a regression model: \( GIF_{it} = a_0 + a_1 DID_{it} + \beta_1 \sum_j w_{ij} DID_{it} + a_2 X + \beta_2 \sum_j w_{ij} X + \rho \sum_j w_{ij} GIF_{it} + \gamma_t + \omega_i + \varepsilon_{it} \). The equation is labeled as equation (5).]
In Equation 5, [image: It seems like there was an issue with the image upload or link. Please try uploading the image again or provide a URL. Optionally, you can add a caption for additional context.] represents the spatial lag autoregressive coefficient, [image: It seems there's an issue with the image upload. Please try uploading the image again or provide a URL. If you have additional context or a caption, feel free to include that too.] is the element of the spatial weight matrix.
3.2 Variable selection
3.2.1 Dependent variable
Urban Green Innovation (GIF). This study chooses the amount of green patent applications to measure UGI. First, as a forward-looking indicator of innovative activities, the number of green patent applications directly reflects the results of a city’s R&D and innovative efforts, providing a timely perspective on the latest trends in innovative activities. Moreover, compared to granted patents, the number of applications reduces the interference of administrative approval processes, more accurately reflecting the dynamics of a city’s green innovation. Data collection is based on the International Patent Classification (IPC) codes of the World Intellectual Property Organization (WIPO), ensuring the international standardization and reliability of the data. Meanwhile, to eliminate the influence of different city sizes, we adopted the method of dividing the number of green patent applications by city population for normalization. This practice enhances the accuracy and fairness in comparing the green innovation capabilities of different cities. Through this approach, we aim to ensure the robustness and credibility of the research results, providing strong data support for evaluating the green innovation effects of the CET pilot policy. For uniformity of measurement, borrowing the practice of Rao et al. (2024), the number of green patent applications is divided by the city population (in tens of thousands).
3.2.2 Independent variable
China’s CET Pilot Policy (DID). In 2013, seven local carbon markets in cities such as Beijing and Shanghai successively began trading. Following the approach of Zhang et al. (2023), the dummy variable of cities chosen as “carbon trading” pilot cities is used as the core explanatory variable. CET pilot cities are treated as the experimental group, assigning the policy dummy variable DID a value of 1 for the year of approval and subsequent years, and 0 before approval.
3.2.3 Control variables
This study uses economic development level (agdp), financial development level (fin), level of openness (fdi), infrastructure development (inf), degree of government intervention (gov), and environmental regulation (er) as control variables. These variables comprehensively account for other factors influencing UGI capabilities, allowing for a more accurate identification of the green innovation effects of China’s CET pilot policy.
The variable definitions are shown in Table 1.
TABLE 1 | Variable definition table.
[image: Table listing variables with three columns: "Variable name," "Variable symbol," and "Measure of variable." Dependent Variable is UGI (GIF), measured by the number of green patent applications per 10,000 people. Independent Variable is China's CET Pilot Policy (DID), a policy dummy variable. Control Variables include economic development (agdp), financial development (fin), openness level (fdi), infrastructure development (inf), government intervention (gov), and environmental regulation (er), with respective measures such as per capita GDP, financial balances, foreign capital utilization, public library resources, government expenditure, and industrial waste utilization rate.]3.3 Data description
Considering the availability and continuity of urban data, this paper selects balanced panel data from 281 Chinese cities for the years 2005–2021 as the empirical research basis. Green patent application data are sourced from the China National Intellectual Property Administration, while other city data are from the China City Statistical Yearbook and the China Statistical Yearbook. Additionally, linear interpolation is used to fill in some missing values. A descriptive statistic of the variables is shown in Table 2.
TABLE 2 | Descriptive statistics.
[image: Statistical table displaying variables with columns for the number of observations, mean, standard deviation, median, minimum, and maximum values. Variables include GIF, DID, agdp, fin, fdi, inf, gov, and er, all with 4,777 observations. The table shows varied statistics, such as agdp mean at 10.435 and maximum at 13.056, with other values providing descriptive data characteristics.]4 RESULTS
4.1 Baseline regression results
Table 3 presents the test results of the impact of China’s CET pilot policy on UGI. Among them, columns (1)–(4) represent the regression results with gradually added control variables and fixed effects, respectively. We observe that the coefficient for DID is significantly positive, indicating that China’s CET pilot policy has significantly promoted UGI, thus confirming research hypothesis H1. Specifically, the CET pilot policy in China, through the establishment of a carbon market, offers economic incentives for emissions reductions and encourages enterprises and cities to adopt more green innovation measures for reducing carbon emissions. This market-based incentive mechanism motivates firms to invest in green technology development, accelerating the application and promotion of environmental protection technologies, and thereby enhancing the overall level of UGI.
TABLE 3 | Baseline regression results.
[image: Regression table with four columns, each showing different models labeled (1) to (4). Variables include DID, agdp, fin, fdi, inf, gov, er, and _cons. Values are given with standard errors in parentheses. Controls, City_FE, and Year_FE vary across models. Significance levels are denoted by asterisks: * for 10%, ** for 5%, and *** for 1%. Observations number 4777, and R-squared values range from 0.090 to 0.694.]This discovery empirically strengthens the notion that the CET policy is an effective market mechanism capable of promoting technological innovation through economic incentives, especially in the field of environment-friendly technology. This finding not only aligns with theoretical expectations but also provides important empirical backing for policymakers, showing that facilitating green innovation through market-based approaches is feasible and efficient.
4.2 Robustness test results
4.2.1 Parallel trends test
To ensure the effectiveness of the Difference-in-Differences (DID) model and to enhance the robustness of the regression results, we conducted a parallel trends test, a key prerequisite for applying the DID method. The parallel trends assumption requires that the pre-policy green innovation capabilities of treated (pilot cities) and control (non-pilot cities) groups must follow a consistent trend. If the assumption holds, it can be inferred that other external factors influence both groups similarly, aside from the policy implementation, allowing the treatment effects to be attributed to the policy impact.
In this study, employing the event study approach and referencing Jacobson et al. (1993), the period immediately before the implementation of China’s CET pilot policy was taken as the base period, and data from 7 years before and after the policy implementation were tested. By comparing the changes in green innovation capabilities of treated and control groups before and after the policy implementation, we can test the validity of the parallel trends assumption.
The test results are shown in Figure 1. The results indicate that, before the policy implementation, the differences in green innovation capabilities between the treatment group and the control group were not significant, meaning the trends between the two groups were parallel prior to the policy implementation. Notably, the policy effect in the immediate post-implementation period (the first time point after the policy implementation) is not significant. This can be attributed to several possible reasons. On one hand, the immediate period following the implementation of a new policy often involves an adjustment phase. During this phase, enterprises and local governments may be adapting to new regulations, setting up necessary infrastructure, and understanding compliance requirements. As stakeholders gradually align their operations with the new policy, this transition period can temporarily weaken the immediate effect of the policy. On the other hand, the introduction of the carbon trading mechanism may require significant initial investments and a learning curve for both enterprises and regulatory bodies. Firms may need time to invest in green technologies, train personnel, and optimize their operations to meet the new standards. This initial phase of investment and learning may delay the direct impact of the policy on green innovation. Additionally, there may be lags in effective communication and awareness of the policy among stakeholders. Comprehensive understanding and proactive engagement from all involved parties are crucial for the policy to have a significant impact. Any delays in these aspects can result in the immediate effect of the policy not being significant. These factors collectively suggest that while the policy did not show a significant impact immediately after implementation, this does not undermine the overall effectiveness of the CET pilot policy in promoting green innovation. The significant positive effects observed in subsequent periods affirm the policy’s role in driving sustainable development and innovation.
[image: Line graph showing policy effect over time with time points from negative eight to seven on the x-axis and policy effect on the y-axis. The line increases steadily, with data points marked and error bars displayed.]FIGURE 1 | Parallel trends test.
4.2.2 Placebo test
To ensure that our estimated results are not affected by endogeneity problems such as unobservable omitted variables or reverse causality, we conducted a placebo test to strengthen the study’s robustness and credibility. The placebo test evaluates the randomness of the empirical results by creating fictitious policy pilots and checking whether the model still shows similar significant effects in the absence of policy intervention.
For this procedure, we conducted 500 random samplings, randomly selecting a subset of cities as a “treated” group for each sample, when in fact these cities did not implement the CET pilot policy. Then, we re-estimated the regression for these 500 samples, observing the distribution of the estimated values.
Figure 2 displays the distribution of the placebo test estimated coefficients, where most coefficients are close to zero, and their p-values are mostly greater than 0.1, indicating a very low probability of obtaining significant estimates at random. This outcome is clearly different from the coefficient estimates of the baseline regression, which show significant statistical and practical significance. Therefore, the placebo test results suggest that our baseline regression outcomes are unlikely due to random chance factors or unobserved omitted variables, further confirming the robustness of our baseline conclusions.
[image: Graph showing a plot with a bell-shaped curve representing p-values and Kolmogorov beta values against MDD. The p-value line is solid blue, and the Kolmogorov beta line is dashed red. Both peak sharply at zero MDD.]FIGURE 2 | Placebo test.
4.2.3 PSM-DID test
To address any potential selection bias arising from the selection mechanism of China’s CET pilot policy, we employed a combined propensity score matching (PSM) and difference-in-differences (DID) method (PSM-DID) for a more robust estimation. The PSM-DID method can effectively reduce systematic differences in observable variables between the treated and control groups, enhancing the credibility of causal inferences.
In the PSM step, the study used control variables such as economic size, industrial structure, population density as matching variables, and through radius matching, we matched each pilot city with non-pilot cities that have similar characteristics, thus constructing a new treated and control group. The balance test results after propensity score matching show that the differences in matching variables between the treated and control groups are effectively controlled, indicating a good match quality.
Next, we applied DID regression analysis on the matched sample, and the results are displayed in column (1) of Table 4. The results indicate that after controlling for selection bias, the coefficient for DID remains significantly positive, consistent with our baseline regression results. This finding reinforces our conclusion that China’s CET pilot policy significantly promotes UGI.
TABLE 4 | Robustness test results.
[image: Table with five columns labeled GIF, GIF2, GIF, GIF, and GIF, and various rows showing statistical data. Rows include DID values with significance noted by asterisks, LDID, dp with a value of 0.559, and ul with a value of -2.932, all with standard errors in parentheses. Control, City_FE, and Year_FE rows indicate "YES" across columns. Observations (Obs) and R-squared values (r2) are also listed for each column.]4.2.4 Other robustness tests
To ensure the robustness and credibility of the research results, this study conducted a series of additional robustness checks, including replacing the dependent variable, adjusting the timing of the core explanatory variable, excluding specific samples, and adding control variables to mitigate the omitted variable bias.
First, to verify the robustness of the measurement of UGI capability, the study replaced the dependent variable with the amount of green patent grants per 10,000 people in the city as another measure of UGI capability. The regression results after replacing the variable (shown in column 2 of Table 4) reveal that the DID coefficient remains significantly positive, confirming that the positive impact of the CET pilot policy on UGI is consistent and robust regardless of the measure used—patent applications or grants.
Second, considering the potential lag effect of policy impact, the study processed the core explanatory variable and control variables with a one-period lag to explore the durability of the policy effect and to weaken potential reverse causality. The regression results after the lag processing (shown in column 3 of Table 4) still show a significantly positive coefficient for the policy effect, indicating a certain permanence of the carbon trading policy’s positive impact on UGI.
In addition, as municipalities directly under the central government have special political and economic status, they may influence research results. To ensure the universality of the research findings, the study excluded samples of municipalities and performed the regression, and the results (shown in column 4 of Table 4) remain consistent, indicating that the research conclusions are not affected by the specificity of the municipality samples.
Lastly, to further mitigate possible omitted variable issues, the study added control variables such as population density, and urbanization level to the regression. These variables help control for the potential impact of city size, economic activity intensity, and urbanization level on green innovation. The regression results with these additional control variables (shown in column 5 of Table 4) indicate that the DID coefficient remains significantly positive, further affirming the robustness of the research conclusions.
4.3 Mechanism test results
4.3.1 Technology investment mechanism test
The study used the ratio of expenditures on science and technology to local government general public budget expenditures as a measure of the level of technology input and conducted regression on the mechanism test models (3) and (4). The regression results indicate that in model (3), the DID coefficient is significantly positive (shown in column 1 of Table 5), suggesting that cities implementing the CET pilot policy have experienced significantly higher growth in technology investment than cities without such a policy. These results show that the carbon trading pilot policy has not only a direct role in promoting green innovation but also a positive effect in encouraging local governments to increase spending on scientific research.
TABLE 5 | Mechanism test results.
[image: A table presents regression results across four models labeled (1) to (4). Each model includes variables like DID, sci, and car, with their coefficients and standard errors in parentheses. Control, City_FE, and Year_FE are present for all models. Observations range from 3091 to 4777, with r-squared values from 0.702 to 0.830. Significant values are starred.]Additionally, in model (4), both the DID and technology investment (sci) coefficients are significantly positive (shown in column 2 of Table 5), pointing out that the increase in technology investment has a direct and positive impact on enhancing UGI capability. This finding not only highlights the role of technology investment as a key channel through which the carbon trading policy influences green innovation but also reveals that increasing technology investment is crucial for promoting UGI. Research hypothesis H2 is verified.
These results provide strong evidence on how the CET pilot policy promotes UGI by influencing technology investment. Theoretically, this finding supports the innovation-driven development theory that technology investment is an important driver for UGI. From a practical standpoint, these results offer insights to policymakers, suggesting that the policy’s role in stimulating research investment should be considered to comprehensively promote green innovation and sustainable development. Such mechanism tests not only enrich existing research on CET policy but also provide an empirical basis for policy optimization.
4.3.2 PEA mechanism test
Drawing on the research of Wu et al. (2022), we explored how China’s CET pilot policy promotes UGI by enhancing public awareness of environmental issues using the Baidu smog search index as a proxy for PEA. This internet search behavior data provides a timely and accurate reflection of public interest and is a powerful tool for understanding shifts in public consciousness.
Regression results show that the CET pilot policy significantly raised PEA (results in column 3 of Table 5), indicating that cities implementing the carbon trading policy have significantly higher public concern for air quality and environmental pollution compared to cities without the policy. This boost may be driven by policy-induced media coverage, public discussion, and educational activities, reflecting the policy’s effectiveness in raising environmental consciousness.
Further, the positive association between PEA and UGI capability (results in column 4 of Table 5) reveals an important mechanism: heightened public environmental concern may encourage the government and enterprises to adopt more environmental and green innovation measures in response to public demand and expectations for the environment. This finding validates the route through which the policy promotes green innovation by raising public environmental consciousness, aligned with theoretical expectations. Research hypothesis H3 is verified.
These results not only deepen our theoretical understanding of the mechanisms by which the CET pilot policy works but also provide empirical evidence for policymakers, emphasizing the need to consider the impact on public consciousness and behavior when formulating and implementing environmental policies. Through such mechanism tests, this study further underscores a multi-dimensional perspective on policy assessment, offering valuable references and insights for subsequent research and policy optimization.
4.4 Spatial spillover effect results
First, a spatial autocorrelation test was conducted (using the global Moran’s I, see Table 6) to confirm the spatial clustering of UGI. The significantly positive Moran’s I value indicates a positive spatial correlation in UGI. This step is necessary as it sets the stage for further analysis of spatial spillover effects.
TABLE 6 | Spatial autocorrelation test results.
[image: A table displays data from 2005 to 2021 with columns for year, I, E(I), Sd(I), Z, and P-value. The I values increase over the years, with Z-values rising consistently. P-values remain constant at 0.000.]The further spatial Durbin model regression results are shown in Table 7, where columns (1)–(4) represent the regression results of the economic distance matrix and the nested economic geography matrix without and with control variables, respectively. The results reveal that the CET pilot policy has a significant direct effect on promoting green innovation in the cities where it is implemented, as well as a positive indirect effect or spillover effect on neighboring cities. The coefficients of the spatial Durbin term and indirect effects term are significantly positive, emphasizing the spatial transmission and diffusion of policy effects—that the policy not only impacts the implementation region but also positively influences surrounding areas through economic connections and geographic proximity. This finding validates research hypothesis H4.
TABLE 7 | Spatial durbin model regression results.
[image: Table presenting regression results across four models labeled GIF (1), GIF (2), GIF (3), and GIF (4). Key variables include DID, Wx*DID, Direct*DID, Indirect*DID, and Total*DID, with significant coefficient estimates marked with asterisks. Controls, City_FE, Year_FE, Obs, and r2 values are specified for each model: Control is present in models 2 and 4, City_FE and Year_FE are present in all models. Observations remain constant at 4777, with r2 values ranging from 0.112 to 0.165.]This discovery holds important theoretical and practical implications. Theoretically, it enriches the spatial-economic analysis of the effects of CET policy, emphasizing the importance of considering interregional interactions when evaluating policy outcomes. Practically, it provides insights to policymakers, suggesting that the positive influence of CET policy may be propagated through interregional interactions, and therefore, the potential regional linkage effects should be considered when formulating and implementing related policies.
4.5 Extended analysis
4.5.1 Testing the incentive effects of the “National Big Data Comprehensive Pilot Zone” policy
Against the backdrop of the high-speed development of the digital economy, the Chinese government has established “National Big Data Comprehensive Pilot Zones” to promote the widespread application of big data technology across various industries and drive the digital transformation of the social economy. These pilot zones are not only hotspots for technological innovation but also important platforms for studying how big data can contribute to economic and social development. The “National Big Data Comprehensive Pilot Zone” policy has significant synergies with the CET policy in several key areas. The big data policy enhances data management and transparency, supports the development of green technologies, facilitates policy implementation and compliance, promotes smart city development, and encourages cross-sector collaboration. These elements provide a robust technical and data foundation for CET, helping to improve the operational efficiency of the carbon market, ensure accurate emissions monitoring and reporting, and promote the adoption and innovation of green technologies. With the support of big data, the CET policy can more effectively drive UGI and sustainable development, achieving broader environmental and economic benefits. Within this context, this study set out to explore whether the “National Big Data Comprehensive Pilot Zone” policies have enhanced the effect of China’s CET pilot policy in promoting UGI.
Combining the lists of National Big Data Comprehensive Pilot Zones announced by the Chinese government in 2015 and 2016, the study designates the included provinces and municipalities as the experimental group and the rest as the control group to construct a multi-period difference-in-differences model. This analyzes the potential influence of the National Big Data Comprehensive Pilot Zone policy (DID2) on the effectiveness of the CET pilot policy in promoting UGI.
Regression results (column 1 of Table 8) show a significantly positive coefficient for the interaction term between DID and DID2, implying that the “National Big Data Comprehensive Pilot Zone” policy strengthens the effect of the CET pilot policy in promoting green urban transformation. This outcome indicates that big data technology integration and application provide new momentum and platforms for green innovation, enhancing the implementation effect of the CET policy.
TABLE 8 | Extended analysis results.
[image: Statistical table comparing two models with columns (1) and (2) labeled "GIF". Variables include DID, DID2, DID*DID2, DID3, and DID*DID3 with respective coefficients and standard errors. Both models have Control, City_FE, and Year_FE set to "YES". Observations are 4215 and 4777, with r2 values 0.750 and 0.711. Coefficients marked with three asterisks indicate significance.]Theoretically, this finding enriches our understanding of the mechanism through which big data technology affects environmental policy outcomes, suggesting that a combination of technological advancement and policy innovation can create a synergistic effect that further promotes green innovation. Practically, it offers valuable insights to policymakers, indicating that advanced technologies like big data should be fully utilized to enhance the comprehensive benefits of policies and more effectively drive green transformation and sustainable development.
4.5.2 Testing the incentive effects of the “new energy demonstration city” policy
Amid global environmental challenges and energy transition, the Chinese government has placed high importance on the development of new energy and environmental protection, elevating these tasks to a strategic national level. To accelerate the dissemination and application of new energy technologies and promote green economic restructuring, the Chinese government officially announced 81 new energy demonstration cities and eight new energy demonstration industrial parks in 2014. The establishment of these demonstration areas is crucial for exploring the application of new energy technologies across various sectors and for pushing forward the green transformation of social and economic systems (Guo et al., 2024).
Against this backdrop, this study further explores the potential impact of the “New Energy Demonstration Cities” pilot policy on the effectiveness of China’s CET pilot policy in promoting urban green transformation. By including the new energy demonstration cities as an experimental group and comparing them with other provinces and cities, this study constructs a multi-period difference-in-differences (DID) model to reveal how the new energy demonstration cities policy (DID3) interacts with the CET policy to jointly promote urban green transformation. To further isolate the impact of the new energy demonstration cities on the study’s results, this study incorporates the effect of the new energy demonstration cities as a control variable in the model analysis. Regression results show a significantly positive coefficient for the interaction term between DID and DID3 (column 2 of Table 8), indicating that the new energy demonstration city policy enhances the effect of the CET policy in promoting UGI and transformation.
This result is significant both theoretically and practically. Theoretically, it indicates the importance of policy synergy in driving green transformation and innovation, particularly how policies supporting the new energy sector actively contribute to accelerating carbon emission reduction and environmental improvement. Practically, it provides insights to policymakers, showing that integrating and coordinating different policy tools, such as new energy technology promotion and CET mechanisms, can enhance policy outcomes and achieve the goal of regional coordinated development.
5 DISCUSSION
5.1 Direct promotion of green innovation by CET policy
Through the Difference-in-Differences (DID) method, this study thoroughly examined the impact of China’s CET pilot policy on UGI. The empirical results showcase a significantly positive effect of the policy, which aligns not only with previous research indicating that market-based environmental policies can provide innovation incentives (Ambec and Lanoie, 2008; Johnstone et al., 2010) but also supports a series of hypotheses regarding China’s environmental regulation and technology innovation incentives. The findings suggest that the policy implementation has created a positive economic incentive by internalizing the cost of carbon emissions, stimulating companies to adopt cleaner and more efficient new technologies or to improve existing ones to enhance energy efficiency and reduce emissions. This perfectly reflects the Porter Hypothesis (Porter, 1991), which posits that environmental regulations can drive technological innovation.
Concerning the mechanism between CET and technological innovation, a portion of the literature provides a theoretical foundation. Rennings (2000) argues that environmental policies can promote technological innovation through two major pathways: by providing pressure and incentives for innovation (“push” and “pull” effects) and by providing companies with resources to research and test new technologies. In this case, China’s carbon market provides a direct financial “push” and “pull” through its pricing mechanism, altering the incentive structure for firms to shift from a focus on emissions to making investment decisions centered around green technology research and development.
5.1.1 Driving green innovation by increasing technology investment
The study demonstrates that the CET policy effectively promotes UGI through increasing technology investment. This outcome is in line with the research by Popp (2002), who found that environmental policies can encourage R&D activities by enhancing the market potential value of environmentally friendly technologies. Economic incentives of environmental policies such as tax breaks and subsidies directly affect the marginal cost and revenue associated with corporate R&D in environmental technologies, which can greatly stimulate the innovation motives of companies (Jaffe and Stavins, 1994).
The increase in technology investment by companies is not just a direct response to immediate cost savings but also a forward-looking investment in anticipation of future market opportunities. On one hand, the growing market demand for green technologies is accompanied by intensifying global climate change discussions; on the other hand, advances in clean technology offer new opportunities for businesses to enhance their competitiveness (Acemoglu et al., 2012). Consequently, in anticipation of stricter future government regulations on emissions, firms seek to adapt to market changes proactively by increasing their investment in green technologies, thereby securing a first-mover advantage.
5.1.2 Enhancing PEA to promote green innovation
Empirical results from this article indicate that besides the increase in technology investment, enhancing PEA is also crucial for achieving green innovation. This finding echoes the view of Kesidou and Demirel (2012), which suggests that environmental innovation is significantly driven by market demand changes. As concerns about the environment intensify, public interest in health and sustainable living quality spurs demand for green products and services. Therefore, society’s willingness to understand and recognize environmental technologies rises, offering innovative commercial motivations for businesses (Oltra and Saint Jean, 2009). Moreover, economic incentives and social consciousness form a mutually reinforcing cycle where technology supply innovation and the steadily rising level of public awareness create a virtuous circle.
Policies significantly enhance societal understanding of environmentally friendly technologies and products through various means, such as education, knowledge dissemination, and media promotion. This spread of knowledge may change consumer purchasing behavior, thereby increasing market demand for such products and motivating companies to continue investing in green innovation (Frondel et al., 2007). The elevation of public awareness also offers value signals to companies, aiding them to identify which technologies and products can meet the market’s future trajectory, which directly supports the CET policy’s push for green innovation.
5.1.3 Spatial spillover effects of CET policy
Furthermore, the study reveals a significant spatial spillover effect of the CET policy. This effect means that the green innovation activities of pilot cities are not confined to their locality, but can also influence and propel the innovation dynamics of the entire region or neighboring cities through regional networks and collaborative relationships. This finding suggests that knowledge and innovation are not only shared within corporations but also spread across cities and regions through various channels (Jaffe et al., 1993; Audretsch and Feldman, 1996).
When inter-regional communication and competitive relationships are optimized, the effects of knowledge spillover play a decisive role in promoting a region’s innovative environment. The theory of absorptive capacity by Cohen and Levinthal (1989) emphasized the role of knowledge spillovers as social capital in innovation and the role of corporate learning capacity in the chain of innovation. Such absorptive capacity enables firms to beneficially utilize both external and internal knowledge and convert it into concrete technological innovations. The spatial spillover effect found in this study indicates that by strengthening collaboration and knowledge exchange mechanisms between regions, the environmental innovation capacity of the entire area can be further enhanced. The CET policy, as a catalyst, plays an important role in forming such collaborative and learning networks.
5.1.4 Discussion on extended analysis
Our extended analysis focused on different aspects of the incentive effects of the “National Big Data Comprehensive Pilot Zone” policy and the “New Energy Demonstration City” policy as complements to the CET policy’s incentives. The results show that these policies related to carbon market trading complement each other and play an active role in promoting UGI. The analysis of these integrated policies not only highlights the impact of single policies but also reveals the combined effects of policy portfolios in advancing technology investment and PEA.
The study discussed the synergistic effects of different policy stimulus measures, which is crucial for evaluating policy impacts. Similar to the complementary policy effects in environmental economics, a combination of multiple strategies may display non-linear synergistic enhancement (Lehmann, 2012). When considering strategies for promoting UGI, beyond the core CET mechanisms, the support of peripheral policies could be key to achieving comprehensive green transformation.
6 CONCLUSION
6.1 Research findings
This study focused on China’s CET pilot policy, utilizing data from 281 Chinese cities from 2005 to 2021 to comprehensively assess the policy’s impact on UGI. The empirical analysis consistently shows that CET policy significantly and positively incentivizes green innovation activities at the urban level, a conclusion confirmed in various robustness tests. By identifying the increase in technology investment and the rise in PEA as key intermediate channels, this research elucidates how the CET policy fosters the research and application of green technologies by businesses and cities. The policy’s spatial spillover effect broadens its range of influence, allowing non-pilot cities to benefit indirectly. Furthermore, the extended analysis explored the National Big Data Comprehensive Pilot Zone policy and the New Energy Demonstration City policy, revealing the dual role of both individual policies and their combined application in incentivizing green innovation. These findings provide important references for future policy formulation.
6.1.1 Policy recommendations
Based on the conclusions of the research, we propose the following policy recommendations to further propel the effectiveness of the CET policy in terms of UGI:
Firstly, the government should continuously strengthen and refine market-based environmental policy tools, such as CET mechanisms, to ensure they provide sufficient incentives for green technology innovation. Moreover, the government should promote the successful experiences of pilot policies among different cities to build a network of knowledge sharing and technological cooperation between regions.
Secondly, policymakers should value the introduction and optimization of supporting policies, such as the National Big Data policy and the New Energy Demonstration City program. Through a combination of policy portfolios, a more comprehensive and effective green innovation incentive system can be formed.
Lastly, given the spatial spillover effect of incentive policies, local governments should promote cooperation and exchange between cities, enhancing regional environmental innovation capabilities through resource sharing, collaborative research, and development, and support for businesses to continue investing and researching in the green technology field.
6.1.2 Limitations and future directions
While this study provides new insights into how CET policy impacts UGI, it has certain limitations. The research focused on policy effects within Chinese cities, and the applicability may differ in other countries and regions. Also, due to the focus on quantitative analysis, it may not capture in-depth information on policy implementation details or individual corporate behavior changes. Future research could include comparative analyses of multiple countries or regions to verify the wider applicability of the Chinese experience. Additionally, qualitative research methods could provide a more detailed understanding of the actual feedback and suggestions from firms and policy implementers, further optimizing existing models and theoretical frameworks.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusion of this article will be made available by the authors, without undue reservation.
AUTHOR CONTRIBUTIONS
KT: Conceptualization, Formal Analysis, Methodology, Writing–original draft, Writing–review and editing. DZ: Data curation, Methodology, Software, Writing–original draft, Writing–review and editing. SH: Formal Analysis, Writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was funded by the Research Project of Shanghai Tongji Urban Planning & Design Institute Co., Ltd. and China Intelligent Urbanization Co-creation Center for High Density Region (KY-2023-YB-B04).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

REFERENCES
	 Acemoglu, D., Aghion, P., Bursztyn, L., and Hemous, D. (2012). The environment and directed technical change. Am. Econ. Rev. 102 (1), 131–166. doi:10.1257/aer.102.1.131
	 Ambec, S., and Lanoie, P. (2008). Does it pay to be green? A systematic overview. Acad. Manag. Perspect. 22 (4), 45–62. doi:10.5465/amp.2008.35590353
	 Audretsch, D. B., and Feldman, M. P. (1996). Innovative clusters and the industry life cycle. Rev. Industrial Organ. 11, 253–273. doi:10.1007/bf00157670
	 Bai, T., Qi, Y., Li, Z., and Xu, D. (2023). Will carbon emission trading policy improve the synergistic reduction efficiency of pollution and carbon? Evidence from 216 Chinese cities. Manag. Decis. Econ. doi:10.1002/mde.4014
	 Bulkeley, H., and Betsill, M. (2005). Rethinking sustainable cities: multilevel governance and the'urban'politics of climate change. Environ. Polit. 14 (1), 42–63. doi:10.1080/0964401042000310178
	 Cai, W., and Ye, P. (2022). Local-neighborhood effects of different environmental regulations on green innovation: evidence from prefecture level cities of China. Environ. Dev. Sustain. 24, 4810–4834. doi:10.1007/s10668-021-01635-2
	 Chen, Z., Zhang, X., and Chen, F. (2021). Do carbon emission trading schemes stimulate green innovation in enterprises? Evidence from China. Technol. Forecast. Soc. Change 168, 120744. doi:10.1016/j.techfore.2021.120744
	 Cohen, W. M., and Levinthal, D. A. (1989). Innovation and learning: the two faces of R and D. Econ. J. 99 (397), 569–596. doi:10.2307/2233763
	 Du, G., Yu, M., Sun, C., and Han, Z. (2021). Green innovation effect of emission trading policy on pilot areas and neighboring areas: an analysis based on the spatial econometric model. Energy Policy 156, 112431. doi:10.1016/j.enpol.2021.112431
	 Ellerman, A. D., and Buchner, B. K. (2007). The European Union emissions trading scheme: origins, allocation, and early results. Rev. Environ. Econ. Policy 1, 66–87. doi:10.1093/reep/rem003
	 Fan, J., and Xiao, Z. (2021). Analysis of spatial correlation network of China’s green innovation. J. Clean. Prod. 299, 126815. doi:10.1016/j.jclepro.2021.126815
	 Feng, C., Shi, B., and Kang, R. (2017). Does environmental policy reduce enterprise innovation? evidence from China. Sustainability 9 (6), 872. doi:10.3390/su9060872
	 Frondel, M., Horbach, J., and Rennings, K. (2007). End-of-Pipe or cleaner production? An empirical comparison of environmental innovation decisions across OECD countries. Bus. Strategy Environ. 16 (8), 571–584. doi:10.1002/bse.496
	 Guo, B., Feng, Y., and Hu, F. (2023). Have carbon emission trading pilot policy improved urban innovation capacity? Evidence from a quasi-natural experiment in China. Environ. Sci. Pollut. Res. 31, 10119–10132. doi:10.1007/s11356-023-25699-x
	 Guo, B., Feng, Y., Lin, J., and Wang, X. (2024). New energy demonstration city and urban pollutant emissions: an analysis based on a spatial difference-in-differences model. Int. Rev. Econ. and Finance 91, 287–298. doi:10.1016/j.iref.2024.01.048
	 Jacobson, L. S., LaLonde, R. J., and Sullivan, D. G. (1993). Earnings losses of displaced workers. Amer. Econ. Rev. , 685–709. 
	 Jaffe, A. B., and Stavins, R. N. (1994). The energy-efficiency gap what does it mean?Energy Policy 22 (10), 804–810. doi:10.1016/0301-4215(94)90138-4
	 Jaffe, A. B., Trajtenberg, M., and Henderson, R. (1993). Geographic localization of knowledge spillovers as evidenced by patent citations. Q. J. Econ. 108 (3), 577–598. doi:10.2307/2118401
	 Ji, Q., Li, C., and Jones, P. (2017). New green theories of urban development in China. Sustain. cities Soc. 30, 248–253. doi:10.1016/j.scs.2017.02.002
	 Johnstone, N., Haščič, I., and Popp, D. (2010). Renewable energy policies and technological innovation: evidence based on patent counts. Environ. Resour. Econ. 45 (1), 133–155. doi:10.1007/s10640-009-9309-1
	 Kamal-Chaoui, L., and Robert, A. (2009). Competitive cities and climate change. 
	 Kesidou, E., and Demirel, P. (2012). On the drivers of eco-innovations: empirical evidence from the UK. Res. Policy 41 (5), 862–870. doi:10.1016/j.respol.2012.01.005
	 Lehmann, P. (2012). Justifying a policy mix for pollution control: a review of economic literature. J. Econ. Surv. 26 (1), 71–97. doi:10.1111/j.1467-6419.2010.00628.x
	 Li, X., Guo, D., and Feng, C. (2022). The carbon emissions trading policy of China: does it really promote the enterprises’ green technology innovations?Int. J. Environ. Res. Public Health 19 (21), 14325. doi:10.3390/ijerph192114325
	 Liu, B., Sun, Z., and Li, H. (2021). Can carbon trading policies promote regional green innovation efficiency? Empirical data from pilot regions in China. Sustainability 13 (5), 2891. doi:10.3390/su13052891
	 Liu, C., Ma, C., and Xie, R. (2020). Structural, innovation and efficiency effects of environmental regulation: evidence from China’s carbon emissions trading pilot. Environ. Resour. Econ. 75, 741–768. doi:10.1007/s10640-020-00406-3
	 Liu, M., and Li, Y. (2022). Environmental regulation and green innovation: evidence from China's carbon emissions trading policy. Finance Res. Lett. 48, 103051. doi:10.1016/j.frl.2022.103051
	 Lu, Z. N., and Luo, Y. S. (2020). Analysis of the emission reduction effectiveness of China's carbon trading policy—the application and test of the difference-in-differences method. J. Arid Land Resour. Environ. (04), 1–7. doi:10.13448/j.cnki.jalre.2020.087
	 Narassimhan, E., Gallagher, K. S., Koester, S., and Alejo, J. R. (2018). Carbon pricing in practice: a review of existing emissions trading systems. Clim. Policy 18 (8), 967–991. doi:10.1080/14693062.2018.1467827
	 Oltra, V., and Saint Jean, M. (2009). Sectoral systems of environmental innovation: an application to the French automotive industry. Technol. Forecast. Soc. Change 76 (4), 567–583. doi:10.1016/j.techfore.2008.03.025
	 Popp, D. (2002). Induced innovation and energy prices. Am. Econ. Rev. 92 (1), 160–180. doi:10.1257/000282802760015658
	 Porter, M. E. (1991). Essay. Sci. Am. 264 (4), 168. doi:10.1038/scientificamerican0491-168
	 Porter, M. E., and Linde, C. V. D. (1995). Toward a new conception of the environment-competitiveness relationship. J. Econ. Perspect. 9 (4), 97–118. doi:10.1257/jep.9.4.97
	 Rao, J., Zhang, X., and Zhai, D. (2024). Does the upgrading of development zones improve land use efficiency under the net-zero carbon city goal? prefectural-level evidence from quasi-natural experiments in China. Land 13 (8), 1245.
	 Rennings, K. (2000). Redefining innovation — eco-innovation research and the contribution from ecological economics. Ecol. Econ. 32 (2), 319–332. doi:10.1016/s0921-8009(99)00112-3
	 Shi, J. R., Cai, H. L., Tang, L., and Yu, L. A. (2015). Study on the economic and environmental impact of carbon trading mechanism based on CGE model. Chin. Manag. Sci. (S1), 801–806. 
	 Stavins, R. N. (2008). Addressing climate change with a comprehensive US cap-and-trade system. Oxf. Rev. Econ. Policy 24, 298–321. doi:10.1093/oxrep/grn017
	 Sun, Z. Q., Li, H. H., and Liu, B. L. (2020). Study on regional emission reduction potential under carbon trading policy—dual perspectives of industrial structure adjustment and technological innovation. Sci. Technol. Prog. Countermeas. (15), 28–35. 
	 Tian, H., Lin, J., and Jiang, C. (2022). The impact of carbon emission trading policies on enterprises’ green technology innovation—evidence from listed companies in China. Sustainability 14 (12), 7207. doi:10.3390/su14127207
	 Wang, M., Wang, Y., and Guo, B. (2024). Green credit policy and residents’ health: quasi-natural experimental evidence from China. Front. Public Health 12, 1397450. doi:10.3389/fpubh.2024.1397450
	 Wei, Q. P. (2015). Analysis of the compatibility of carbon trading and carbon tax—also on China's emission reduction path choice. China Popul. Resour. Environ. (05), 35–43. 
	 Wu, Q., Tambunlertchai, K., and Pornchaiwiseskul, P. (2021). Examining the impact and influencing channels of carbon emission trading pilot markets in China. Sustainability 13 (10), 5664. doi:10.3390/su13105664
	 Wu, L., Yang, M., and Sun, K. (2022). The impact of public environmental awareness on corporate and government environmental governance. China Population, Resources and Environment (02), 1–14. 
	 Xin-gang, Z., Wenjie, L., Wei, W., and Shuran, H. (2023). The impact of carbon emission trading on green innovation of China's power industry. Environ. Impact Assess. Rev. 99, 107040. doi:10.1016/j.eiar.2023.107040
	 Xu, L., Fan, M., Yang, L., and Shao, S. (2021). Heterogeneous green innovations and carbon emission performance: evidence at China's city level. Energy Econ. 99, 105269. doi:10.1016/j.eneco.2021.105269
	 Yan, G., Kang, J., Xie, X., Wang, G., Zhang, J., and Zhu, W. (2010). Change trend of public environmental awareness in China. China Popul. Resour. Environ. 20, 55–60. 
	 Yang, Z., Yuan, Y., and Zhang, Q. (2022). Carbon emission trading scheme, carbon emissions reduction and spatial spillover effects: quasi-experimental evidence from China. Front. Environ. Sci. 9, 824298. doi:10.3389/fenvs.2021.824298
	 Yao, S., Yu, X., Yan, S., and Wen, S. (2021). Heterogeneous emission trading schemes and green innovation. Energy Policy 155, 112367. doi:10.1016/j.enpol.2021.112367
	 Yu, H., Jiang, Y., Zhang, Z., Shang, W. L., Han, C., and Zhao, Y. (2022). The impact of carbon emission trading policy on firms’ green innovation in China. Financial Innovation 8 (1), 55.
	 Zhang, D., Rausch, S., and Karplus, V. J. (2014). Regional emissions trading in China: an analysis of chongqing's carbon market pilot. MIT Jt. Program Sci. Policy Glob. Change . Report No. 264. 
	 Zhang, J., Shen, J., and Xu, M. (2023). Does the carbon emission trading promote the transformation and upgrading of industrial structure? empirical evidence from China's carbon emission trading pilot policy. Econ. Issues (08), 84–91. doi:10.16011/j.cnki.jjwt.2023.08.010
	 Zhang, M., Ge, Y., Liu, L., and Zhou, D. (2022b). Impacts of carbon emission trading schemes on the development of renewable energy in China: spatial spillover and mediation paths. Sustain. Prod. Consum. 32, 306–317. doi:10.1016/j.spc.2022.04.021
	 Zhang, W., Li, G., and Guo, F. (2022a). Does carbon emissions trading promote green technology innovation in China?Appl. Energy 315, 119012. doi:10.1016/j.apenergy.2022.119012
	 Zhang, Y. J., Liang, T., Jin, Y. L., and Shen, B. (2020). The impact of carbon trading on economic output and carbon emissions reduction in China’s industrial sectors. Appl. Energy 260, 114290. doi:10.1016/j.apenergy.2019.114290
	 Zhao, Z., Zhou, S., Wang, S., Ye, C., and Wu, T. (2022). The impact of carbon emissions trading pilot policy on industrial structure upgrading. Sustainability 14 (17), 10818. doi:10.3390/su141710818
	 Zheng, S., Kahn, M. E., Sun, W., and Luo, D. (2014). Incentives for China’s urban mayors to mitigate pollution externalities: the role of the central government and public environmentalism. Reg. Sci. Urban Econ. 47, 61–71. doi:10.1016/j.regsciurbeco.2013.09.003
	 Zhou, F., and Wang, X. (2022). The carbon emissions trading scheme and green technology innovation in China: a new structural economics perspective. Econ. Analysis Policy 74, 365–381. doi:10.1016/j.eap.2022.03.007

Conflict of interest: Author KT were employed by Archiland (Tianjin) Architectural Design Co., Ltd. Author DZ were employed by Innovation and Research Center, Shanghai Tongji Urban Planning and Design Institute Co., Ltd.
Copyright © 2024 Tian, Zhai and Han. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 14 October 2024
doi: 10.3389/fenvs.2024.1447728


[image: image2]
County-level carbon emissions in the guanzhong area of Shaanxi province: towards achieving China’s dual carbon goals
Weichun Gao1,2*, Wei He1,2,3, Jun Zhang1,2, Yifei Chen1,2 and Zheng Wei1,2
1Shaanxi Dijian Guantian Investment and Construction Co., Ltd., Baoji, China
2Shaanxi Provincial Land Engineering Construction Group Co., Ltd., Xi’an, China
3School of Water Resources and Hydropower, Xi’an University of Technology, Xi’an, China
Edited by:
Mariarosaria Lombardi, University of Foggia, Italy
Reviewed by:
Adnan Abbas, Nanjing University of Information Science and Technology, China
Kai Zhang, Shandong University of Finance and Economics, China
* Correspondence: Weichun Gao, gaoweichun123@163.com
Received: 12 June 2024
Accepted: 03 October 2024
Published: 14 October 2024
Citation: Gao W, He W, Zhang J, Chen Y and Wei Z (2024) County-level carbon emissions in the guanzhong area of Shaanxi province: towards achieving China’s dual carbon goals. Front. Environ. Sci. 12:1447728. doi: 10.3389/fenvs.2024.1447728

China’s rapid urbanization has significantly impacted carbon emissions in rural areas, driving the need for region-specific carbon management strategies to achieve the country’s dual carbon goals. However, previous research has primarily focused on large urban centers, leaving a gap in understanding the spatial and temporal patterns of carbon emissions at the county level in rural regions. This study focuses on the Guanzhong region of Shaanxi Province and develops a county-level carbon emission accounting system based on geographic, socio-economic, and land-use data. The carbon emissions are categorized into energy, industrial processes, agriculture, and waste management. Key findings indicate that industrial and residential sectors are the primary contributors to carbon emissions, with Xi’an being the largest emitter. Carbon emission intensity follows a ranking of Xi’an < Weinan < Baoji < Xianyang < Tongchuan. Spatial patterns show a “core-edge” distribution, with higher emissions in urban centers and lower emissions in rural areas. The study also highlights the carbon sink potential in the southern Qinling National Park. This research provides a valuable framework for rural low-carbon development and offers critical insights for policymakers aiming to balance carbon reduction and economic growth in rural China.
Keywords: county scale, carbon emissions, carbon balance, influence factor, guanzhong urban agglomeration

1 INTRODUCTION
Greenhouse gases from agricultural, livestock and industrial sectors is the main reasons of climate change (Abbas et al., 2022b; Abbas et al., 2022a; Abbas et al., 2023; Ullah et al., 2022; Abam et al., 2023; Elahi et al., 2024a; Elahi et al., 2024b). Global climate change has always been one of the most pressing problems faced by the world (Sage, 2020). Controlling greenhouse gas emissions to slow down the pace of global warming has become a societal consensus. Climate change and sustainable development have become urgent and major issues requiring immediate attention (Ucal and Xydis, 2020; Zurek et al., 2022). As a result, governments and international organizations globally have proposed goals for carbon reduction and low-carbon development (Caetano et al., 2020; Wimbadi and Djalante, 2020; Li et al., 2022). China, the world’s largest developing country, has committed to peaking carbon emissions by 2030 and striving to achieve carbon neutrality before 2060 (Sun et al., 2022; Zhao, 2022). China’s rapid urbanization process has led to a significant increase in carbon emissions in rural areas. Recent studies have shown that between 2000 and 2015, rural carbon emissions increased by 4.2% annually, primarily due to increased infrastructure development, modernization of agriculture, and the adoption of urban energy consumption patterns in rural communities (Zhu et al., 2021; Guo et al., 2023). The construction of rural residential buildings and the expansion of rural transportation networks further contributed to this rise in emissions (Zhang et al., 2020; Xu et al., 2024).
At present, extensive research has been conducted on low-carbon ecological rural areas (Song et al., 2020; Wang C. et al., 2020; Wang et al., 2021), primarily focusing on carbon emission accounting (Harris et al., 2020), carbon emission spatialization (Sun et al., 2024), carbon emission spatiotemporal patterns (Lin et al., 2021), and low-carbon ecological rural evaluation models (Yu et al., 2023). This is because through the systematic accounting and evaluation of carbon emissions in rural areas, the current status and trends can be precisely determined. Such data provides a basis for formulating scientific emission reduction measures and policies. Meanwhile, rural carbon emission accounting helps to identify key sources of carbon emissions and potential areas for emission reduction, optimize resource allocation, and improve energy efficiency (Zhang et al., 2014). In addition, establishing and improving a rural carbon emission accounting system can enable rural areas to participate in national and regional carbon trading markets, realize economic benefits through carbon trading, and promote the green and low-carbon transformation of rural areas.
Comprehensive research on regional carbon emissions, both domestically and internationally, mainly utilizes the emission factor method for calculation (Shan et al., 2017). Based on the scale differences of the research areas, it is observed that carbon emission accounting research mainly focuses on macro scales such as national and provincial regions, cities, or micro scales such as individual buildings. However, research on carbon emission accounting at the village scale is scarce (Lai et al., 2022). There are significant differences and interactions among regions regarding carbon emission intensity. In optimizing resource allocation, adjusting industrial structure, and promoting the application of clean energy, agriculture is an important area for carbon emission reduction, and regions must consider regional characteristics when formulating carbon emission reduction policies (Chen et al., 2020). In addition, the spatiotemporal pattern of carbon emissions helps identify hotspots of carbon emissions. It also provides a scientific basis for evaluating the effectiveness of carbon reduction policies and formulating more effective carbon reduction strategies (Wang Y. et al., 2020). The low-carbon ecological rural evaluation model can not only effectively reduce greenhouse gas emissions, but also promote sustainable development of the rural economy and improve the quality of life of rural residents (Zhang et al., 2021). Although numerous studies have achieved certain results, there are still problems in rural research, such as the synchronous growth of carbon emissions caused by infrastructure construction, the significant driving effect of rural industrial development on carbon emissions, and the serious lack of low-carbon management and research capabilities in rural areas, resulting in relatively weak green and low-carbon awareness (Zhou et al., 2020). Therefore, promoting agricultural and rural emission reduction and carbon sequestration during the implementation of the rural revitalization strategy is a practical requirement and top priority for achieving the “dual carbon” goal.
However, existing research on quantitatively calculating greenhouse gas emissions in spatial regions mainly focuses on the national, provincial, and large city levels (Guo et al., 2023), or the individual building level. Research at the village level is scarce, which is not conducive to low-carbon rural development and planning. In addition, the Guanzhong region has actively responded to the national low-carbon development strategy in recent years (Guo, 2023), committing to rural low-carbon development and ecological civilization construction. Preliminary results have been achieved through measures such as promoting agricultural greening, optimizing the rural energy structure, and utilizing agricultural waste resources. There is relatively little research on the Guanzhong region. The Guanzhong region still faces challenges such as a single industrial structure, limited application of green and low-carbon technologies, and outdated rural energy facilities (Yu et al., 2022). In the context of accelerating urbanization, addressing the major challenge of achieving sustainable economic and social development while protecting the ecological environment is a prerequisite for promoting the low-carbon ecological rural evaluation system and planning strategies.
In order to address these issues, the Guanzhong region of Shaanxi Province is examined in this paper, and based on the analysis of its geography, natural conditions, land use status, and socio-economic conditions, a county-level carbon emission accounting system and carbon balance zoning evolution are meticulously constructed. This study offers theoretical and practical guidance for rural development in this region and similar areas under the dual carbon background, and also has important theoretical and practical value for promoting low-carbon development and ecological civilization construction in China and globally.
2 MATERIALS AND METHODS
2.1 Overview of the study area
The object selected for this paper is located in the Guanzhong area of Shaanxi Province, positioned in the central part of Shaanxi Province and named after its location west of Hangu Pass. The geographical coordinates are approximately from 107° 40′E to 110° 10′E, and 33° 42′N to 35° 29′N. The Guanzhong Plain constitutes a part of the Loess Plateau in China. Due to the historical alluvial effect of the Yellow River, it has become a fertile plain area and is known as the “800 mile Qinchuan”. The Guanzhong region is bordered by the Liupan Mountains to the north, the Qinling Mountains to the south, the Longdong Mountains to the west, and the Wei River to the east, making it a transportation hub connecting the three major geographical regions of east, west, and north. The geographical location of the Guanzhong region endows it with unique strategic and economic value. It has been a battleground for military strategists and a political center in Chinese history since ancient times. It is also a focus of economic and cultural development, having a profound impact on the development of ancient Chinese civilization. Now, with the promotion of the national “Belt and Road” initiative (Zhu et al., 2024), the Guanzhong region has once again demonstrated its important strategic position, becoming an important transportation and economic corridor connecting China’s eastern coast and western inland, and even connecting Asia and Europe. Therefore, examining the Guanzhong region as the research object is both representative and highly significant.
2.2 Data sources
The data used in this paper include DEM, basic geographic information, land use status, and socio-economic data. Among them, DEM data come from the geospatial data cloud platform; basic geographic information data mainly include water systems, residential areas, roads, etc., sourced from the National Geographic Information Resource Catalog Service System. The data on the current state of land use are sourced from the land use change survey data of Huayi District for 2010, 2015, and 2020; socio-economic data include population density data, POI data, GDP data, and energy consumption data, which are sourced from data platforms such as WorldPop, the Resource and Environmental Science and Data Center, as well as statistical yearbooks.
2.3 Research methods
2.3.1 Carbon emission accounting checklist
The IPCC has published a series of technical guidelines for carbon emission accounting methodology based on relevant standards and guidelines (Amon et al., 2021). Based on two major categories of natural emission sources and socio-economic emission sources, carbon emission sources are subdivided into six sectors: energy, industrial processes, solvent and other product use, land use change and forest land, agriculture, and waste. Further detailed emission projects are provided for each sector. Subsequently, a new inventory guide was published, which merges carbon sources into four sectors: energy activities, industrial processes and product use, agriculture, forestry and other land use, and waste.
Energy: The main source of carbon emissions from human activities is energy activities, which account for 80% of the total greenhouse gas emissions from human activities (Zhong et al., 2021). According to the guidelines, energy activities are divided into four parts: fixed source combustion, mobile source combustion, fugitive emissions, and carbon dioxide transportation, injection, and geological storage. Energy activities specifically involve the energy industry, manufacturing, transportation, coal mining, oil and gas extraction and processing, and other aspects (Mehedi et al., 2022).
Industrial processes and product use: They mainly include carbon emissions from production processes in industries such as mining, chemical, metal, non-energy products, electronics, and other product manufacturing and use (Chen et al., 2024). The greenhouse gas emissions in product use mainly involve the use of ozone-depleting substances and fluoride substitutes.
Agriculture, forestry, and other land use: Land use change and management can affect ecosystem processes, biological processes, and physical processes, leading to carbon and nitrogen conversion, which in turn affects greenhouse gas flows (Noda et al., 2024). Agriculture, forestry, and other land use mainly involves forest land, cultivated land, grassland, wetland, residential land, other land use, livestock and poultry manure management, and the application of lime and urea. Subsequently, estimation methods for greenhouse gas emissions and absorption in wetland drainage, wetland return, coastal wetlands, and constructed wetlands for sewage treatment were included.
Waste: Waste mainly includes urban solid waste, sludge, industrial waste, and other waste (Khan et al., 2022). During the waste disposal process, methane, carbon dioxide, non-methane volatile organic compounds, and relatively small amounts of nitrous oxide, nitrogen oxides, and carbon monoxide are produced.
The carbon emission accounting boundary of this study is limited to the administrative divisions within the study area, and the carbon exchange occurring within and outside the study area due to atmospheric activities falls outside the scope of this study’s accounting. Based on the energy activities of the Guanzhong Plain urban agglomeration and the availability of data, the carbon emission accounting system of this study is depicted in Figure 1.
[image: Flowchart titled "Carbon emission accounting system" with four main categories: Waste, Agriculture, Industrial processes and product use, and Energy. Waste includes wastewater, domestic wastewater, and industrial waste water. Agriculture covers planting industry, animal husbandry, rice planting, livestock, and poultry farming. Industrial processes include mining, metal industry, steel and iron, cement, lime, and glass. Energy includes food source, mobile source, firepower, water transport, manufacturing, highway, construction, and other.]FIGURE 1 | Carbon emission accounting inventory system.
2.3.2 Carbon emission accounting methods
This paper calculates carbon emissions using a carbon emission accounting checklist, incorporating the four aforementioned sectors. Energy: The calculation of carbon emissions from fossil fuels is shown in Equation 1 (Meng and Niu, 2011):
[image: The formula \( E_t = AC \times CF \times CC \times COF \) is written, followed by the number (1) in parentheses.]
where [image: Please upload the image file or provide a URL to the image you would like described, and I will help generate the alternate text for it.] is the carbon emissions from energy use, AC is the apparent consumption, CF is the conversion factor for converting fuel to energy units (TJ) based on net calorific value, CC is the carbon content, and COF is the carbon oxidation factor. [image: Mathematical equation depicting EF equals CF multiplied by CC multiplied by COF.], and Equation 1 can be simplified to Equation 2 (Liu et al., 2024):
[image: Equation showing \( E_{L} = AC \times EF \).]
where EF is the carbon emission factor.
Table 1 provides the default values for commonly used fossil fuel-related parameters. Industrial processes and product use: Carbon emissions accounting for industrial processes and product usage mainly focuses on industries such as cement, steel, raw aluminum, and flat glass. Among these, the carbon emissions from the production process of cement clinker represent the most significant part of the carbon emissions from industrial processes and product usage (Na et al., 2024). Table 2 presents carbon emission products and emission factors for industrial processes.
TABLE 1 | Default values for fossil fuels.
[image: Table displaying calorific values, carbon content, and oxidation rates for different fuel types. Categories include coal, petroleum products, and gases. Each entry details the low calorific value, carbon content per unit, and carbon oxidation rate percentage. Values vary across fuels like anthracite, bituminous coal, crude oil, gasoline, natural gas, and more, with carbon oxidation rates ranging from 90% to 99%.]TABLE 2 | Carbon emission products and emission factors in industrial processes.
[image: Table showing emission factors for various products. Cement clinker: 0.1417 tC/t, Flat glass: 29.4996 tC/10,000 weight box, Lime: 0.2050 tC/t, Pig iron: 0.0469 tC/t, Crude steel: 0.0404 tC/t.]Agricultural carbon emissions: Using the carbon emission coefficient method released by the IPCC and combining existing research results to calculate agricultural carbon emissions, the calculation is shown in Equation 3 (Meng et al., 2024).
[image: Mathematical equation displaying \( C = \sum C_i = \sum T_i \times \delta_i \), labeled as equation 3.]
where C is the total agricultural carbon emissions, Ci is the carbon emissions of each source category, Ti is the activity level of each source category, [image: Please upload the image or provide a URL, and I can help you create the alternate text for it.] is the carbon emission coefficient for each source category.
Table 3 presents the carbon emissions from the planting and livestock industries, while Table 4 presents the agricultural carbon emission factors. Waste: Due to the availability of waste data, this paper only covers carbon emissions during the treatment process of industrial and domestic sewage treatment plants (Lv et al., 2022). The production of methane depends on the amount of degradable organic matter in wastewater. The commonly used parameters for determining the organic components of wastewater are Biochemical Oxygen Demand (BOD) and Chemical Oxygen Demand (COD). The reporting frequency of BOD in domestic wastewater is higher, while COD is mainly used for industrial wastewater. This paper calculates the carbon emissions related to sewage based on data from sewage treatment plants. The reduction of BOD (or COD) can be obtained by the concentration of BOD (or COD) in the inlet and outlet of the sewage treatment plant. The calculation of carbon emissions during sewage treatment and carbon emissions into the environment is shown in Equation 4 (Liu et al., 2023).
[image: Equation showing \(C_{EV} = TOW \times B_r \times MCT\), labeled as equation (4).]
where CEw is the carbon emissions from sewage treatment, TOW is the total amount of organic matter in the wastewater in the inventory year, B0 is the maximum CH4 production, MCF is the methane correction factor. The default values are shown in Table 5.
TABLE 3 | Agricultural carbon emission calculation indicators.
[image: Table showing carbon emission coefficients for various agricultural processes. It includes primary indicators like agricultural materials, farmland soil, straw combustion, and livestock farming. CO₂ emissions are detailed for each, with notable values including pesticides at 4.934 and corn at 32.7888 under straw combustion. Indirect emissions for livestock include large livestock at 48.8 CO₂ and 1.39 CH₄, live pigs at 4.5 CO₂ and 0.53 CH₄, and sheep at 5.16 CO₂ and 0.33 CH₄.]TABLE 4 | Agricultural carbon emission factor.
[image: Table comparing straw burning for wheat, corn, and rape. It shows combustion ratio, grain grass ratio, combustion efficiency, and carbon emission factor (CO₂ kg/kg). Wheat: 13.4, 1.1, 0.63, 1.46. Corn: 22, 1.2, 0.92, 1.35. Rape: 14.4, 1.5, 0.82, 1.445.]TABLE 5 | Default values for waste related emission factors.
[image: Table displaying methane emissions data. The columns are labeled \(B_0\) and MCT. For \(B_0\), values are 0.6 kg CH₄/kg BOD and 0.25 kg CH₄/kg COD. River and lake emissions show 0.1. MCT data for concentrated oxygen consumption treatment plant is 0.165.]3 RESULT AND ANALYSIS
3.1 Carbon emission accounting and characteristics
The total carbon emissions of each city are shown in Table 6. Table 6 shows that the industrial and living sectors in each city exhibit high carbon emissions, while the agricultural sector demonstrates low carbon emissions. Xi’an has the highest total carbon emissions and is at a relatively high level in all sectors. The total carbon emissions are as follows: Xi’an (29.8978 million tons) > Baoji (9.837 million tons) > Weinan (7.2974 million tons) > Tongchuan (3.4849 million tons) > Xianyang (3.3163 million tons). Xi’an records the highest carbon emissions, especially in its domestic and industrial sectors, which are 7.301 million tons and 13.4619 million tons, respectively. This is attributed to its population size and industrial activity intensity. The total carbon emissions of Xianyang and Baoji are relatively high, while the total carbon emissions of Tongchuan and Weinan are relatively low due to their smaller populations (Meng et al., 2023). The carbon emissions statistics for each city are shown in Figure 2.
TABLE 6 | Total carbon emissions of each city.
[image: A table showing data for five cities: Tongchuan, Xianyang, Weinan, Baoji, and Xi'an. It lists quantities in ten thousand tons under five categories: Agriculture, Living, Industry, Waste, and Traffic, with a total for each city. Tongchuan's total is 348.49, Xianyang's is 1331.63, Weinan's is 729.74, Baoji's is 983.70, and Xi'an's is 2989.78.][image: Stacked bar chart showing the proportion of different sectors contributing to emissions across five cities: Tongchuan, Xianyang, Weinan, Baoji, and Xi'an. Each bar illustrates contributions from agriculture, energy, industry, waste, and traffic, with agriculture being the highest across all cities and varying contributions from other sectors.]FIGURE 2 | Carbon emission structure of each city.
As shown in the carbon emission structure in Figure 2, the agricultural carbon emissions of all cities are relatively low. Specifically, Tongchuan City has the lowest agricultural carbon emissions (259,000 tons), while Xianyang City has the highest agricultural carbon emissions (346,600 tons). The carbon emissions from daily life vary greatly among cities, with Xi’an having the highest carbon emissions (730.1 million tons), far higher than other cities. There are significant differences in industrial carbon emissions among cities, with Xi’an having the highest industrial carbon emissions (13.4619 million tons), followed by Xianyang (7.8736 million tons). The carbon emissions from waste in various cities are relatively low, with Xi’an having the highest (4.9785 million tons). In terms of carbon emissions from transportation, Xi’an has the highest (3.8923 million tons), followed by Xianyang (1.6865 million tons), and Tongchuan has the lowest (3.005 million tons). Further analysis of carbon emission intensity is presented in Table 7.
TABLE 7 | Carbon emission intensity of each city.
[image: Table showing carbon emissions, GDP, and carbon emission intensity for five cities. Tongchuan: 348.49 tons, GDP 505.55 yuan, intensity 0.689. Xianyang: 1331.63 tons, GDP 2817.55 yuan, intensity 0.473. Weinan: 729.74 tons, GDP 2201.13 yuan, intensity 0.332. Baoji: 983.70 tons, GDP 2743.1 yuan, intensity 0.359. Xi'an: 2989.78 tons, GDP 11,486.51 yuan, intensity 0.260.]From the perspective of carbon emission intensity, the average carbon emission intensity of the Shaanxi section of the Guanzhong Plain urban agglomeration is 0.506 tons per 10,000 yuan. There are significant differences in carbon emission intensity among different cities, and the order of carbon emission intensity from low to high is: Xi’an < Weinan < Baoji < Xianyang < Tongchuan. The carbon emission intensity in Xi’an is the lowest, at 0.260 tons per 10,000 yuan, indicating that the amount of carbon dioxide emitted per unit of GDP in Xi’an is relatively low. The economic development is more focused on low-carbon industries and has higher energy utilization efficiency (Meng et al., 2023). Next is Weinan City, with a carbon emission intensity of 0.332 tons per 10,000 yuan. It has a relatively high carbon emission efficiency in economic development. Baoji City ranks third, with a carbon emission intensity of 0.359 tons per 10,000 yuan, slightly higher than Weinan City, but still at a relatively low level. Xianyang City ranks fourth, with a carbon emission intensity of 0.473 tons per 10,000 yuan. Although the carbon emission intensity of Xianyang City is lower than the average level of the Guanzhong Plain urban agglomeration, there is still room for improvement, and further optimization of the industrial structure is needed to improve energy efficiency. The carbon emission intensity in Tongchuan City is the highest, at 0.689 tons per 10,000 yuan. Tongchuan City emits the highest amount of carbon dioxide per unit of GDP, indicating that its industrial structure is biased, the energy structure is not clean enough, or its technological level needs to be improved.
3.2 Overall carbon emission spatial pattern
The overall carbon emission distribution of the Guanzhong Plain urban agglomeration is shown in Figure 3.
[image: Map illustrating carbon emissions in a region with color gradients from green (low emissions) to red (high emissions). Notable areas include Renhuai, Tongren, and Xi with varying emission levels. A scale bar indicates distance.]FIGURE 3 | Overall carbon emission spatial pattern.
Figure 3 shows that the spatial pattern of carbon emissions in the Shaanxi section of the Guanzhong Plain urban agglomeration exhibits “core-edge” and “layered agglomeration” characteristics, with significant differences in carbon emissions between urban and rural areas. Carbon emission cores are formed in the central areas of cities such as Xi’an and Baoji. Weinan and Xianyang also exhibit higher carbon emissions, while the surrounding Guanzhong Plain is a region with lower carbon emissions. The southern Qinling National Park and the northern Loess Plateau are mainly rural areas, exhibiting the lowest total carbon emissions. This is because in the core areas, Xi’an and Baoji, as the core cities of the Guanzhong Plain urban agglomeration, have become the core areas of carbon emissions due to their dense population, concentrated industry, and frequent economic activities. The energy consumption, transportation, industrial production, and residential activities in these urban centers are the main sources of carbon emissions. In high-value areas, Weinan City and Xianyang City, as secondary cities, although their scale and economic activity intensity are not as high as Xi’an and Baoji, they still have high levels of carbon emissions. These cities play an important role in regional development, and their industrialization and urbanization processes have resulted in relatively high carbon emissions. In the lower value areas, the peripheral areas of the Guanzhong Plain have relatively low carbon emissions due to low population density and relatively fewer industrial activities. These regions may be predominantly agricultural, with relatively low energy consumption and carbon emission intensity. In the lowest value areas, the Qinling National Park in the south and the Loess Plateau in the north have limited human activities due to the importance of natural protection and ecological restoration. These areas are mainly rural, resulting in the lowest total carbon emissions. However, when formulating regional carbon reduction strategies, it is important to consider this layered and clustered carbon emission spatial pattern, along with the development characteristics and carbon emission characteristics of different regions. To further analyze the carbon emission patterns of each sector, refer to Figure 4.
[image: Five maps labeled A to E show carbon emissions in different sectors: A) Agriculture, B) Energy, C) Industry, D) Traffic, and E) Waste. Emission intensity is indicated by varying shades, with darker areas representing higher emissions. All maps cover the same geographic region, featuring major cities such as Zhengzhou and Luoyang, and include a scale indicating 150 kilometers.]FIGURE 4 | Carbon emission patterns of agriculture (A), energy (B), industry (C), traffic (D), waste (E) departments.
As shown in Figures 4, 4A shows a clustering distribution feature of high in the east and low in the west, with high agricultural carbon emissions in the Guanzhong Plain region. The spatial pattern of agricultural carbon emissions exhibits certain regional characteristics, which are influenced by various factors, including land use types, agricultural production methods, topography, etc. In the Guanzhong Plain region, due to its geographical location and natural conditions (Yan et al., 2023), agricultural activities are relatively concentrated and arable land resources are abundant, resulting in relatively high agricultural carbon emissions. The Qinling National Park in the southern part of the Guanzhong Plain and the Loess Plateau area on the northern side have limited arable land and relatively fewer agricultural activities due to terrain, topography, and soil conditions, resulting in lower agricultural carbon emissions. At the urban scale, the total agricultural carbon emissions in Weinan and Xianyang regions are relatively high, which may be related to their agricultural industry structure, agricultural technology level, and agricultural production scale. The relatively low agricultural carbon emissions in cities such as Tongchuan, Baoji, and Xi’an may be related to their higher proportion of non-agricultural industries, higher level of agricultural modernization, and possible carbon reduction measures.
Figure 4B shows that the spatial pattern of energy carbon emissions presents a “core periphery” feature. In the Guanzhong Plain region, the central urban areas of Xi’an and Baoji have formed the core areas of energy and carbon emissions due to their large urban scale and population density. The production activities and energy consumption of residents in the central areas of these cities are relatively concentrated, resulting in higher levels of energy and carbon emissions (Hu and Fan, 2020). At the same time, the central areas of peripheral districts and counties have formed a sub-core area of carbon emissions due to their relatively small scale and population. Although their energy carbon emissions are lower than those of the core areas, they are still higher than those of rural areas. Rural areas have relatively low energy consumption and carbon emissions due to sparse population distribution and relatively dispersed living and production activities. The formation of this spatial difference is closely related to the changes in land use patterns during the urbanization process. The construction land area in urban areas is relatively large, and with the concentration of population and intensive economic activities, energy demand and consumption have increased, especially in residential, commercial, and industrial construction land. On the other hand, rural areas are mainly occupied by agriculture and natural land, with relatively low energy consumption and correspondingly reduced carbon emissions.
Figure 4C shows that the spatial pattern of industrial carbon emissions presents a core-edge feature of “two centers and one belt,” forming a core area of industrial carbon emissions in the central urban areas of Xi’an and Baoji. The Guanzhong transportation corridor connecting Xi’an and Baoji forms a high-value industrial carbon emission belt, with secondary high industrial carbon emission centers in the central areas of peripheral districts and counties. Rural areas have almost no industrial carbon emissions. Xi’an and Baoji, as important cities in the region, have formed core areas for industrial carbon emissions due to their high level of industrialization and concentration of industrial enterprises. These cities have a relatively high proportion of manufacturing and heavy industry in terms of energy consumption and carbon emissions. The Guanzhong transportation corridor connecting Xi’an and Baoji serves as an important channel for regional transportation and logistics, with numerous industrial parks and bases distributed along the route. As a result, it forms a high-value zone for industrial carbon emissions (Chen et al., 2021). The frequent industrial activities and dense logistics transportation in this area have led to high energy consumption and carbon emissions. The central areas of peripheral districts and counties have formed secondary centers of industrial carbon emissions due to their relatively small industrial scale. Although the industrial carbon emissions in these regions are lower than those in the core areas, they are still an undeniable source of carbon emissions within the region. In contrast, rural areas have almost no industrial carbon emissions due to their lower level of industrialization. Rural areas are mainly dominated by agricultural production with fewer industrial activities, resulting in relatively low carbon emissions.
Figure 4D shows obvious networked characteristics in the Guanzhong Plain region. The formation of this pattern is closely related to factors such as transportation infrastructure construction, urban development level, and population distribution within the region. Xi’an and Xianyang, as important cities in the Guanzhong Plain region, have dense road networks and highly developed transportation systems. These cities are not only transportation hubs within the region, but also centers of economic activity and population gathering, resulting in relatively high carbon emissions from transportation. The dense road network and frequent vehicle traffic have led to high energy consumption and carbon emissions, especially in the central urban areas and surrounding major transportation arteries. The Guanzhong transportation corridor connecting Baoji, Xianyang, Xi’an, and Weinan has formed a high-value zone of transportation carbon emissions due to the distribution of many high-grade roads, such as highways and national highways. These transportation arteries serve as the main channels for internal and external connections within the region, carrying a large amount of logistics and human flow, resulting in higher carbon emissions from transportation in the areas along them. In contrast, rural areas have lower traffic carbon emissions due to lower road network density, fewer roads, and relatively lower frequency and density of transportation. The main modes of transportation in rural areas may be non-motorized and low-speed motor vehicles, which have relatively low carbon emission intensity. In addition, the population distribution in rural areas is relatively scattered, and the demand for transportation is relatively small, which also leads to a reduction in transportation carbon emissions.
Figure 4E exhibits a “one core, multiple points” feature, with Xi’an as the regional center city, forming the core area of waste carbon emissions. The formation of this pattern is closely related to factors such as the population size, economic development level, industrial structure, and distribution of environmental protection facilities in cities. As the largest city in the Guanzhong Plain region, Xi’an has a large population, frequent economic activities, and a large amount of waste generated in daily life and industrial production. These wastes generate a certain amount of carbon emissions during the treatment process, especially in the sewage treatment process (Wang et al., 2023). Due to the fact that urban sewage treatment plants typically consume energy and may produce greenhouse gases such as methane during the treatment of sewage and industrial wastewater, these factors collectively contribute to Xi’an’s core position in waste carbon emissions. Baoji, Xianyang, Tongchuan, Weinan, and other cities, as secondary cities in the region, have also formed their own waste carbon emission centers. Although the economic development level, industrial structure, and population size of these cities are not as high as Xi’an, they still have a certain amount of waste generation and carbon emissions, with a multi-point distribution feature in their spatial pattern. In addition, due to the fact that sewage treatment plants are often laid out along major rivers to facilitate the use of water resources and reduce transportation costs, this has led to the phenomenon of waste carbon emission centers being distributed in a strip pattern along major rivers. The distribution pattern along the river is conducive to the construction and operation of sewage treatment stations, and also facilitates the discharge or reuse of wastewater.
3.3 Carbon sink distribution and carbon intensity distribution
The distribution of carbon sinks in the Guanzhong Plain region is shown in Figure 5, and the distribution of carbon intensity is shown in Figure 6. Figure 5 shows that the distribution characteristics of carbon sinks in the Guanzhong Plain region exhibit a spatial pattern of “high in the south and low in the north,” which is closely related to factors such as natural geographical conditions, vegetation types, and land use patterns. The southern Qinling Mountains, as the geographical boundary between North and South China, have rich biodiversity and high vegetation coverage. This area is mainly dominated by tree forests, and the carbon sequestration capacity of forest ecosystems is strong, resulting in high carbon sequestration. The central Guanzhong Plain region is mainly dominated by modern agriculture. Crops such as wheat and rapeseed have a good protective effect on the soil and absorb carbon dioxide through vegetation growth, contributing to a high carbon sink (Liu et al., 2016). In addition, agricultural measures such as organic matter management and straw returning in farmland can also help improve soil carbon storage capacity. Due to natural limitations, the vegetation coverage in the northern Loess Plateau region is relatively low, mainly consisting of shrubs and grasslands. The carbon sequestration capacity of vegetation types in these regions is relatively weak, resulting in lower carbon sinks. Moreover, soil erosion and land degradation issues may also affect the carbon sequestration capacity of the region. In addition, urban areas have the lowest carbon sequestration due to their large amount of construction land and dense population, resulting in less natural vegetation coverage. The carbon sink in urban areas mainly comes from parks, green spaces, roadside trees, and rooftop greenery. Compared to natural ecosystems, the carbon sink capacity of cities is relatively weak.
[image: Map illustrating carbon sequestration levels in a region, with a gradient from light to dark green indicating low to high sequestration. Locations such as Tanghuping, Mangtuo, and Wensu are marked. A scale bar indicates distances up to one hundred kilometers.]FIGURE 5 | Carbon sink space.
[image: Map showing carbon emission intensity across a region, with colors ranging from blue (low) to red (high). Notable areas include Yangzhuang, Weinan, and Jiaqi, with a concentration of high emissions near X. A scale indicates the map’s kilometers range.]FIGURE 6 | Carbon emission intensity.
As shown in Figure 6, the carbon emission intensity exhibits a layered agglomeration feature. As the core of the Guanzhong Plain urban agglomeration, the central urban area of Xi’an has a dense population and frequent economic activities, including industrial production, transportation, construction industry, and residential life. These activities have led to significant energy consumption, especially the use of fossil fuels, resulting in higher carbon emission intensity. In addition, the expansion of construction land and infrastructure construction in the process of urbanization is also an important source of carbon emissions. As an important industrial city in the region, Baoji City has numerous industrial enterprises, especially in heavy industry and manufacturing. The production and operation activities of these industrial enterprises require a large amount of energy input, often accompanied by high carbon emissions. Therefore, the carbon emission intensity in the central urban area of Baoji is relatively high, second only to the central urban area of Xi’an. Weinan City and Xianyang City have a relatively large population and a considerable number of enterprises, including industrial and service industries. The economic and population activities in these cities are relatively concentrated, resulting in higher carbon emission intensity. Meanwhile, Weinan and Xianyang are also important agricultural areas, and agricultural production activities also contribute to carbon emission intensity. The carbon emission intensity in rural areas of the Guanzhong Plain is relatively low, mainly due to agriculture and sparse population distribution. Although agricultural production activities generate certain carbon emissions, such as fertilizer use and agricultural machinery operations, their carbon emission intensity is lower compared to urban and industrial activities. Qinling National Park and the northern Loess Plateau have sparse populations and relatively low human activities, mainly relying on natural ecosystems and agricultural production. The carbon emission intensity in these areas is relatively low.
3.4 Carbon balance zoning
The carbon sink zoning in the Guanzhong Plain region is shown in Figure 7. Figure 7 shows that the carbon sequestration functional areas of the Guanzhong Plain urban agglomeration are mainly distributed in the southern Qinling National Park and northern Tongchuan City. These regions have a relatively large proportion of ecological land and good carbon sequestration capacity. As an important nature reserve, Qinling National Park has high vegetation coverage and strong carbon sequestration capacity of forest ecosystems, making it an important carbon sink area in the region (Gogoi et al., 2022). Due to its specific natural conditions and ecological protection measures, Tongchuan City also exhibits strong carbon sequestration potential. These regions are dominated by agriculture, and overall carbon sinks exceed carbon emissions. The carbon balance zone is mainly located in rural areas of the Guanzhong Plain. These areas have relatively dense villages, mainly focused on agriculture, with strong carbon sequestration capabilities. Due to agricultural production activities generating certain carbon emissions, such as fertilizer use and agricultural machinery operations, overall carbon emissions and carbon sinks are essentially balanced (Huang et al., 2024). The low-carbon optimization zone is mainly located in rural areas of Xianyang City and Weinan City. Agricultural carbon emissions in these regions are relatively high, and measures such as promoting low-carbon agricultural technology and optimizing land use structure are needed to further reduce carbon emissions. The carbon intensity control zone is mainly distributed in the central urban areas of cities such as Xi’an and Baoji. These regions have a high population density and a large number of industrial enterprises, resulting in much higher energy consumption and carbon emissions than carbon sinks. The human activity intensity in the central urban area of Xi’an is high, with the highest carbon emission intensity, while there are many industrial enterprises in Baoji City, resulting in high carbon emission intensity. These urban centers need to take measures such as promoting green and low-carbon development, optimizing energy structure, and improving energy efficiency to reduce carbon emissions and enhance carbon sequestration capacity.
[image: Map of Henan Province, China, color-coded to show carbon management areas. Dark green indicates carbon sink functional areas, teal represents carbon balance areas, light green shows low carbon optimization areas, and orange depicts carbon intensity control areas. Key cities are marked, along with a scale and compass.]FIGURE 7 | Results of carbon sink spaceCarbon balance zoning.
4 CONCLUSION
This study presents a comprehensive analysis of county-level carbon emissions in the Guanzhong area of Shaanxi Province, using a detailed carbon emission accounting system that reflects the unique geographic, socio-economic, and land-use characteristics of the region. The innovative aspect of this research lies in its focus on rural county-level emissions, which are often underrepresented in existing literature that primarily focuses on urban areas or national-level studies. By adopting a granular, county-level approach, this study fills a critical gap in understanding rural emissions and offers a replicable model for similar regions across China.
In terms of carbon neutrality, the study reveals that industrial and residential sectors are the largest contributors to carbon emissions, while agricultural emissions remain relatively low. The findings indicate that achieving carbon neutrality at the county level will require a targeted approach, focusing on optimizing industrial energy use, promoting renewable energy, and enhancing energy efficiency in residential areas. The study also underscores the importance of integrating low-carbon agricultural practices and land-use management to further balance carbon emissions.
The unique contribution of this research is its practical framework for understanding and managing carbon emissions in rural regions, providing policymakers with critical insights on how to balance economic development and environmental sustainability. By focusing on county-level emissions, the study provides a crucial foundation for China’s broader efforts to achieve its dual carbon goals, demonstrating that effective carbon management strategies must extend beyond urban areas to include the rural sectors that are essential to the country’s overall carbon neutrality objectives.
5 POLICY SUGGESTION
Firstly, focus on optimizing industrial and energy structures. The study reveals that the industrial and energy sectors contribute significantly to carbon emissions in the Guanzhong region. To address this, policymakers should prioritize the optimization of industrial structures by promoting low-carbon industries and technologies. This includes supporting the development of renewable energy sources, such as solar and wind power, and incentivizing the adoption of clean energy in industrial processes. Additionally, the implementation of energy efficiency standards and regulations can help reduce energy consumption and carbon emissions across various sectors.
Secondly, enhance agricultural carbon management and land use practices. While agricultural carbon emissions are relatively low compared to industrial and energy sectors, there is still potential for improvement. Policymakers should encourage farmers to adopt low-carbon agricultural practices, such as precision agriculture, organic farming, and straw returning. These practices can help reduce chemical fertilizer and pesticide usage, decrease greenhouse gas emissions, and improve soil carbon sequestration. Furthermore, optimizing land use patterns, such as restoring degraded land and promoting afforestation, can significantly enhance the carbon sink capacity of the region.
Third, establish a comprehensive carbon management and trading system. To effectively reduce carbon emissions and promote low-carbon development, it is crucial to establish a comprehensive carbon management system. This includes developing clear carbon emission reduction targets and implementing effective monitoring and reporting mechanisms. Additionally, policymakers should explore the feasibility of establishing a regional carbon trading market, which can incentivize emitters to reduce their carbon footprint and reward those who sequester carbon. This approach can not only help achieve carbon reduction goals but also stimulate economic growth and innovation in low-carbon technologies.
Finally, the policy recommendations derived from this study are not only pertinent to the Guanzhong region but also offer valuable insights for other rural areas across China. For instance, agricultural carbon management practices in northeastern China could inform efforts in other western and central regions, while the optimization of rural energy structures in eastern coastal regions provides valuable lessons for inland areas like the Guanzhong Plain. As such, it is recommended that the national government support the dissemination and implementation of county-level carbon emission accounting systems across the country. Tailored carbon emission reduction strategies, based on local characteristics, will be crucial to achieving China’s broader rural carbon neutrality goals.
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Introduction: This study aims to explore the mechanisms by which the digital economy influences urban carbon emissions in China, with a particular focus on potential threshold effects and the mediating role of technology. As the digital economy grows, it impacts various environmental metrics, including carbon emissions, necessitating a deeper understanding of its nonlinear dynamics and implications for sustainable urban development.Methods: Using panel data from 286 prefecture-level cities in China spanning from 2012 to 2021, we apply threshold effect models and mediation effect tests. The threshold effect model is employed to investigate non-linear characteristics of the digital economy’s impact on carbon emissions, while the mediation effect model assesses the role of technology as an intermediary in this relationship.Results: The threshold effect model reveals a single threshold in the impact of the digital economy on urban carbon emissions, indicating a nonlinear relationship. Initially, the influence of the digital economy on emissions is weak, but as the digital economy develops, its effect becomes more pronounced. The mediation effect model demonstrates that technological advancement can offset the increase in emissions associated with digital economic growth, thus showcasing technology’s potential to mitigate environmental impacts.Discussion: The findings suggest that while the digital economy generally promotes urban carbon emissions, its impact is non-linear and mitigatable through technological innovation. To curb emissions in urban areas, fostering technological innovation and supporting green technology research and development are critical. Moreover, enhancing management and supervision within the digital economy sector can contribute to balancing economic growth with environmental goals. These insights are valuable for policymakers striving to harmonize digital economic expansion with sustainable environmental practices.Keywords: digital economy, carbon emissions, threshold effects, mediation effect, China
1 INTRODUCTION
As global climate change worsens, “carbon reduction” has become both a shared obligation and a challenge for nations worldwide. In recent years, with the continuous advancement of new-type urbanization and industrialization, most countries, including China, have witnessed a continuous increase in energy demand, leading to a rising trend in carbon dioxide emissions. Consequently, the Chinese government has proposed strategic goals to achieve carbon peaking by 2030 and carbon neutrality by 2060. Cities, being the “main battleground” for promoting China’s green and low-carbon transformation and high-quality economic development (Zhao et al., 2023; Wang et al., 2019), have become a significant topic of concern regarding how to effectively curb urban carbon emissions (Shang and Luo, 2021).
In urban carbon emissions, academia has conducted extensive theoretical and empirical research on influencing factors. Prior studies have identified several effective means of reducing carbon emissions, including economic development level, industrial structure, population size, and energy structure. Furthermore, scholars have evaluated the carbon reduction effects of policy-related factors such as low-carbon pilot policies (Zhang and Feng, 2021), energy-consuming rights trading policies (Wang M. et al., 2024), and eco-province construction.
Recent research has expanded our understanding of various factors influencing carbon emissions. For instance, Elahi et al. (2024a) examined the decoupling of livestock and poultry pollution emissions from industrial development, while Elahi et al. (2024b) analyzed carbon emission efficiency in food production across the Yangtze River basin. Huang et al. (2024) investigated the impact of aging rural populations on agricultural carbon emissions in China, highlighting the importance of demographic shifts in land use policy. These studies underscore the complexity of carbon emission sources and the need for targeted policies across different sectors.
Concurrently, China has been experiencing rapid development in its digital economy. The digital economy, as an emerging industry, has the potential to play a crucial role in supporting carbon reduction and sustainable urban development (Yan and Zhang, 2023). However, the relationship between the digital economy and carbon emissions is complex and multifaceted, warranting further investigation. Existing literature on the relationship between the digital economy and carbon emissions presents two primary perspectives.
Firstly, the digital economy contributes to carbon emission reduction. Studies have shown that the digital economy affects carbon emissions through “digital industrialization” and “industrial digitization,” with “digital industrialization” contributing more significantly to emission reduction. Research by Xie (2022) and Tian and Meng (2023) found that the digital economy can dramatically reduce carbon emission intensity across different regions by improving energy structure and technological advancement. Ge et al. (2022) noted that the digital economy promotes industrial structural transformation, thereby improving urban energy efficiency to achieve carbon reduction goals. Zha et al. (2022) highlighted how the expansion of the digital economy improves the attraction of cities to rural labor and businesses, offering advantageous economies of scale for energy conservation and emission reduction. Furthermore, Xu et al. (2022) and Xu et al. (2024a) observed that the rise of the digital economy not only supports the fall of carbon emissions locally but also helps reduce carbon emissions in surrounding cities, albeit with boundary effects in its spatial spillover effects. Recent studies have provided additional insights into this perspective. Jiang et al. (2024) explored how the digital economy encourages sustainable consumption and reduces carbon emissions. Guo et al. (2024b) examined the effect of digital infrastructure development on enterprise green transformation, while Zhao et al. (2024b) investigated enterprise pollution reduction through digital transformation in Chinese manufacturing enterprises. These studies collectively suggest that digitalization can be a powerful tool for environmental sustainability.
Secondly, the digital economy does not result in considerable environmental gains. Contrasting studies suggest that the digital economy has not led to significant environmental improvements in terms of carbon emissions. Tian and Meng (2023) found that in terms of digital products and new infrastructure, the digital economy lacks environmentally favorable characteristics such as green buildings and low carbon emissions. Qu et al. (2022) reported that the digital economy ranks 17th among 27 manufacturing industries in terms of carbon emissions intensity, surpassing conventional labor-intensive industries. Li et al. (2021) used the Environmental Kuznets Curve (EKC) as a theoretical framework to affirm the presence of an EKC curve within the realm of the digital economy. Lujun et al. (2022) pointed out that while the digital economy has a simple carbon reduction effect, it also has a “green blind spot.” Wang and Zhu (2021) highlighted that while digital infrastructure development directly increases overall energy consumption, the digital economy also has the ability to conserve energy and reduce emissions at the micro level, leaving the overall influence on energy usage unclear. More recent research has added nuance to this perspective. Li et al. (2023) examined the carbon emissions of 5G mobile networks in China, highlighting the environmental challenges posed by new digital technologies. Similarly, Li and Li (2023) explored the potential of artificial intelligence in reducing carbon emissions from 5G networks, suggesting that technological advancements within the digital economy could mitigate its environmental impact.
Recent research has expanded into various aspects that indirectly influence the digital economy-carbon emissions relationship. Zhang et al. (2023) proposed a new structural economic growth model considering labor income share, which could impact carbon emissions through economic dynamics. In the realm of organizational behavior, Zhu et al. (2023) and Jabeen et al. (2024) (Jabeen et al., 2024) explored the roles of leadership and human resource management in environmental performance, highlighting the importance of human factors in sustainability efforts. Yin et al. (2019) demonstrated the application of advanced analytical methods in performance evaluation, which could be extended to assess the environmental impact of digital technologies. Feng et al. (2024) conducted a life cycle cost analysis of power generation with carbon capture and storage, providing insights into the economic feasibility of emission reduction technologies. Huang et al. (2021) and Jiang et al. (2024) focused on ecological security patterns and the digital economy’s role in encouraging sustainable consumption, respectively. Li and Yue (2024) analyzed energy demand and emissions in the urban transport sector, while Wang (2023) examined the broader implications of digitalization for climate change adaptation in China. These diverse studies underscore the complexity of the digital economy-carbon emissions nexus and the need for interdisciplinary approaches in addressing environmental challenges.
The literature also reveals emerging areas of research that bridge the gap between these two perspectives. For instance, Fan et al. (2024) analyzed how digitalization drives the green transformation of supply chains, proposing a two-stage evolutionary game analysis. Xu H. et al. (2024) investigated the influence of fintech, digitalization, and green technologies on sustainable environments in CIVETS nations. These studies suggest that the relationship between digital economy and carbon emissions is not binary but rather complex and context-dependent.
Furthermore, previous literature focused into related areas that indirectly impact the digital economy-carbon emissions nexus. For example, Zhao et al. (2024a) examined the role of CEOs’ information technology backgrounds in driving digital technology innovation. Zheng and Chen (2023) revisited the linkage between financial inclusion and energy productivity, considering technology implications for climate change. These studies highlight the importance of human factors and financial systems in shaping the environmental impact of the digital economy.
Despite this rich body of research, several gaps remain. First, there is a lack of comprehensive studies that examine the threshold effects of digital economy development on carbon emissions, particularly in the context of rapidly developing economies like China. Second, while many studies have explored direct relationships, few have investigated the potential mediating role of technology in the digital economy-carbon emissions relationship. Lastly, there is a need for more research that synthesizes insights from various sectors and approaches to provide a holistic understanding of how digital transformation can be leveraged for environmental sustainability.
Given these research gaps, this paper aims to contribute to the ongoing debate by focusing on the following aspects:
	• It explores the mechanism of how the digital economy affects urban carbon emissions, as well as the characteristics of the impact of different levels of digital economy development on urban carbon emissions. This provides a more complex and comprehensive perspective for understanding the relationship between the two.
	• It investigates the transmission mechanism of the digital economy’s impact on urban carbon emissions, selecting technology as an intermediary variable to test whether technology can offset the increase in carbon emissions caused by digital economic growth. This approach offers new ideas and methods for addressing carbon emission issues.
	• By examining the impact of digital economic development on urban carbon emissions in the context of China, this paper contributes to extending China’s experience to other countries and provides a reference for scientific decision-making by government departments.

While focusing on China, this study has broader international implications. As countries worldwide navigate digital transformation and climate change mitigation, understanding the relationship between digital economic growth and carbon emissions is crucial. This research provides a methodological framework and empirical insights applicable to diverse global contexts. By examining nonlinear effects and technology’s mediating role, it contributes to the global discourse on leveraging digital economies for sustainable development. The findings and policy recommendations offer valuable reference points for policymakers and urban planners internationally, aiding in balancing digital innovation with environmental stewardship.
The article consists of five main sections. In the introduction, the study’s background, and objectives are discussed. Following that, the theoretical analysis and hypothesis development section outlines the theoretical framework and proposes the key hypotheses that guide the research. The materials and methods section provides a detailed description of the data sources, analytical tools, and methodologies employed to conduct the study. Next, the results and discussion section presents the findings of the research and offers an in-depth analysis, comparing them with existing literature. Lastly, the conclusion and recommendations section summarize the key insights from the study, provides practical recommendations, and suggests areas for future research.
2 THEORETICAL ANALYSIS AND HYPOTHESIS DEVELOPMENT
The relationship between the digital economy and urban carbon emissions is complex and multifaceted, as evidenced by recent literature. This complexity stems from the dual nature of digital technologies’ impact on carbon emissions.
On one hand, the rapidly growing digital economy leads to widespread adoption of massive data centers, cloud computing facilities, and electronic devices. These facilities have substantial electricity requirements, primarily sourced from fossil fuels, which amplifies urban energy consumption and carbon emission levels. Li et al. (2023) quantified the carbon emissions of 5G mobile networks in China, highlighting the significant environmental impact of digital infrastructure. Additionally, the flourishing digital economy encourages the growth of carbon-intensive sectors such as transportation and industry, further raising urban carbon emissions levels (Xu et al., 2024b).
On the other hand, the growth of the digital economy also creates new opportunities to reduce carbon emissions from urban areas. Smart energy management systems, enabled by digital technologies, continuously monitor and optimize energy consumption, effectively reducing energy waste and carbon emissions (Zhao et al., 2024b). The development of the digital economy also promotes the construction of digital infrastructure, facilitating the green transformation of enterprises, thereby potentially reducing urban carbon emissions (Guo et al., 2024b). Furthermore, the digital economy fosters the creation and application of environmental protection technologies and renewable energy sources. For instance, it promotes the development of energy storage technologies and enhances the utilization of renewable energy sources such as solar and wind power, which can ultimately mitigate urban carbon emissions (Xu et al., 2024b).
Thus, the effects of the digital economy on urban carbon emissions could be both favorable and unfavorable, depending on factors such as policy reinforcement and industrial composition. This dual nature is supported by recent studies such as Jiang et al. (2024), who found that the digital economy can encourage sustainable consumption and reduce carbon emissions. Conversely, Ma et al. (2023) argued that the digital economy lacks environmentally favorable characteristics in terms of digital products and new infrastructure. Based on these contrasting findings, we propose the following competing hypotheses:
	H1a: The digital economy has a positive impact on urban carbon emissions.
	H1b: The digital economy has a negative impact on urban carbon emissions.

Additionally, China’s stark regional development imbalance results in distinct “staircase” features at different levels of technical development across regions. This could lead to notable variations in industrial structure, degrees of digitalization, and decarbonization capabilities across different regions (Guo et al., 2024a). Such regional disparities suggest that the relationship between the digital economy and carbon emissions may not be linear. This notion is supported by studies like Li et al. (2021), who found evidence of an Environmental Kuznets Curve within the realm of the digital economy. Therefore, we posit the following hypothesis:
H2: There is a nonlinear threshold feature between the digital economy and urban carbon emissions.
The advancement of the digital economy spurs technological innovation and investment in research and development by both businesses and governments. During digital transformation, enterprises continuously explore new business models and technological applications, enhancing the quality, efficiency, and experience of their products and services through environmental information disclosure (Guo et al., 2024a). This innovation not only enhances the competitiveness of enterprises but also provides impetus for technological progress (Dong, 2023). Simultaneously, governmental intervention plays a pivotal role in fostering the digital economy’s development through the formulation of pertinent policies and investment strategies (Su et al., 2021).
Digital technology facilitates collaborative research, fosters interdisciplinary cross-border innovation, and accelerates the dissemination of innovative outcomes. This open innovation model creates a more expansive platform for the advancement of scientific and technological standards. By enabling the transmission and sharing of knowledge and information, the widespread use of digital technology accelerates the diffusion and application of scientific and technical breakthroughs (Ma et al., 2024).
The development of the digital economy is largely dependent on increased investment in science and technology, innovation, and technological application across diverse domains by both governments and enterprises. This investment promotes comprehensive research, speeds up the transformation and application of scientific discoveries, and facilitates breakthroughs in key technologies within the digital economy. The resulting innovation not only creates a strong basis for the sustainable expansion of the digital economy but also enhances its industrial chain’s competitiveness.
Recent studies have highlighted the role of technology as a potential mediator between the digital economy and environmental outcomes. For instance, Li and Li (2023) explored how artificial intelligence could be used to reduce the carbon emissions of 5G networks, suggesting that technological advancements within the digital economy could mitigate its environmental impact. Similarly, Fan et al. (2024) demonstrated how digitalization drives the green transformation of supply chains through technological innovation.
Considering these findings and the potential for technology to act as a bridge between digital economic growth and environmental sustainability, we propose the following hypothesis:
	H3: There is a mediating effect of technology between the digital economy and urban carbon emissions.

This theoretical framework, supported by recent literature, provides a comprehensive basis for examining the complex relationship between the digital economy, technology, and urban carbon emissions in China.
3 MATERIALS AND METHODS
3.1 Data
The study employs panel data encompassing 286 prefecture-level cities in China spanning from 2012 to 2021. The Digital Inclusive Finance Index is sourced from the Digital Finance Research Center, Peking University. Additional pertinent data originates from the “China Urban Statistical Yearbook” (2013–2022) and statistical yearbooks of prefecture-level cities (2013–2022). Missing data are supplemented via interpolation.
3.2 Analytical framework
To investigate the direct relationship between urban carbon emissions and digital economy, this study builds the following baseline regression model (Equation 1):
[image: Equation illustrating a carbon model: Carbon\(_{it} = a_0 + a_1DIG_{it} + a_2CL_{it} + a_3EDU_{it} + a_4FGB_{it} + a_5SI_{it} + \mu_t + \gamma_t + \epsilon_{it}\), labeled as equation one.]
where, i represents the city, t shows the year, and [image: Italicized text displaying the word "Carbon" followed by "it" in a smaller font size.] indicates urban carbon emissions. Similarly, DIGI, CL, EDU, FGB, SI, and TECH denote the digital economy, consumption level, education, financial general budget, social insurance, and technology respectively. Moreover, [image: Greek letter mu followed by a subscript i.] represents city fixed effects, [image: Mathematical notation of a lowercase "v" with a subscript "t".] represents time-fixed effects, and [image: Mathematical notation representing epsilon subscript i t.] denotes the random error term, assumed to be normally distributed at zero mean value and constant variance.
To explore the possibility of a nonlinear threshold feature regarding the technological level between the digital economy and carbon emissions, this study establishes a threshold model based on Hansen’s panel threshold model (Hansen, 1999). The single threshold model can be written as (Equation 2):
[image: Equation displaying a model for Carbon with multiple variables: \(\theta_0\) is a constant, \(\theta_1 CLI\), \(\theta_2 EDU\), \(\theta_3 FGB\), \(\theta_4 SI\) are coefficients for respective predictors, \(\phi_1 DIG\) and \(\phi_2 DIG\) are coefficients with indicator functions \(I(DIG \leq \pi_1)\) and \(I(DIG > \pi_1)\), plus terms \(\mu\), \(\gamma\), and \(\epsilon\).]
where [image: Mathematical symbols theta and phi are shown in a slanted italic font.] are the parameters to be estimated, [image: Please upload the image you'd like me to describe or provide a URL.] is the threshold value to be estimated, and I is the indicator function (I equals 1 if the expression enclosed in the parentheses is true; otherwise 0).
To further confirm the indirect impact of the digital economy on carbon emissions through technology, the study contruct a mediation effect model based on the baseline regression model:
[image: TECH subscript it equals beta subscript 0 plus beta subscript 1 DIGI subscript it plus beta subscript 2 CLI subscript it plus beta subscript 3 EDU subscript it plus beta subscript 4 FGB subscript it plus beta subscript 5 SI subscript it plus mu subscript i plus gamma subscript t plus epsilon subscript it. Equation three.]
[image: Equation showing a model: Carbon sub it equals gamma sub 0 plus gamma sub 1 times DIG sub it plus gamma sub 2 times TECH sub it plus gamma sub 3 times CL sub it plus gamma sub 4 times EDU sub it plus gamma sub 5 times FGB sub it plus gamma sub 6 times SI sub it plus u sub i plus v sub t plus epsilon sub it.]
where TECH stands for the intermediary variable technology. [image: It looks like there might be an error or text artifact instead of an image. Please upload the image file again, and I would be happy to help with the alternate text.] are parameters to be estimated. Equation 3 establishes the relationship between the digital economy and the intermediary variable, technology, while Equation 4 examines the combined effect of both on urban carbon emissions.
3.3 Description of variables
3.3.1 Dependent variable
The concept of “carbon emissions” encompasses both direct and indirect emissions, as defined by Kennedy et al. (2010) and Cong et al. (2014). Direct emissions occur within the accounting boundary, while indirect emissions result from inputs originating outside the boundary but are nonetheless contained within it.
For comprehensive carbon emissions accounting, the greenhouse gas accounting system delineates three distinct categories. Category 1 includes all direct carbon emissions stemming from energy-related activities within the boundary, such as construction, industrial processes, transportation, agriculture, and waste disposal. Category 2 covers energy-related indirect carbon emissions occurring outside the boundary, primarily comprising emissions from purchased electricity, heating, and cooling systems. Category 3 encompasses additional indirect carbon emissions from sources beyond the boundary not included in Category 2. These emissions typically arise from the production, transportation, use, and disposal of goods procured from external sources (Liu X. et al., 2024; Liu Z. et al., 2024).
In alignment with existing research methodologies, the present study adopts a comprehensive approach to urban carbon emissions, incorporating all three categories in its analysis. This holistic perspective allows for a more accurate assessment of the total carbon footprint associated with urban activities and provides a robust foundation for examining the relationship between the digital economy and urban carbon emissions.
3.3.2 Independent variables
To compute the Comprehensive Development Index of the digital economy, the study uses the index system proposed by Tao et al. (2022). The evaluation index system used in the study is given in Table 1.
TABLE 1 | Evaluation index system of the digital economy.
[image: Table listing internet-related indices, descriptions, and expected positive outcomes. Indices include Internet Penetration Rate, Internet-related Employees, Internet Output, Mobile Internet Users, and Development of Inclusive Digital Finance. Descriptions specify metrics such as user numbers and employee proportions, all expecting positive signs.]3.3.3 Control variables
Four indicators namely, consumption, education, government fiscal expenditure, and social security are used as control variables as they may have a significant influence on urban carbon emissions. Consumption level is closely correlated with the lifestyle and resource usage of urban dwellers; the higher the level of consumption, the more will be energy consumption and carbon emission levels. Education level is a good indicator of the technological and environmental knowledge of the urban residents. Better education can encourage the use of environmental protection technology and raise environmental awareness which will lower carbon emissions. The amount of money the government spends on environmental preservation and carbon reduction is reflected in its fiscal expenditures; more fiscal expenditures may indicate the implementation of more environmental projects and carbon reduction initiatives. Social security may have complicated effects on carbon emissions due to its influence on people’s lifestyle and productivity. A more accurate assessment of the impact of digital economy on urban carbon emissions can be obtained by controlling these variables, providing scientific support for policy formulation.
3.3.4 Mediating variables
Technology is used as a mediating variable in the study as it can help explain the mechanism through which the development of the digital economy affects urban carbon emissions. The development of a digital economy may indirectly affect urban carbon emissions by influencing technological innovation and progress (Hu et al., 2024; Xu H. et al., 2024; Dong et al., 2022; Hu et al., 2023). By offering a more thorough analysis for comprehending the mechanics behind carbon emissions, technology as a mediating variable can help uncover the pathways by which the digital economy affects urban carbon emissions.
4 RESULTS AND DISCUSSION
4.1 Summary of basic statistics
The given results in Table 2 offer an overview of various variables, focusing on their average values. Carbon emissions have an average of 3,926 units, suggesting a considerable level of emissions across the regions or sectors in question. The digital economy (DIGI) shows an average of 0.236, indicating a modest level of digitalization in the sample. For the consumption level (CL), the mean is 1,128, reflecting average consumption patterns. Education (EDU), on the other hand, stands out with a high average value of 7,848, indicating substantial investments in or access to education in some areas.
TABLE 2 | Descriptive statistics.
[image: Table displaying variables with corresponding statistical metrics: mean, standard deviation, minimum, and maximum. Variables include Carbon, Digital economy (DIGI), Consumption level (CL), Education (EDU), Financial general budget (FGB), Social insurance (SI), and Technology (TECH). Each row lists values under these categories for each variable.]The financial general budget (FGB) averages 462, suggesting moderate financial resources across the sample, while social insurance (SI) shows a lower average of about 61, reflecting relatively limited coverage or access. Lastly, technology (TECH) averages around 13, highlighting the level of technological development within the regions being studied. This table provides a concise picture of how these variables perform on average, giving a sense of the general landscape without delving into variability or extreme values.
4.2 Baseline regression
The findings of the regression analysis presented in Table 3 indicate a considerable positive correlation between urban carbon emissions and the digital economy. Urban carbon emissions are also substantially positively associated with the level of consumption and government spending. Urban carbon emissions, on the other hand, are inversely correlated with social security and the level of education. Combining existing research, the rapid development of the digital economy often accompanies industrial expansion and increased energy consumption, especially in the production and service processes of digital technologies, which may lead to significant carbon emissions. Additionally, the rapid development of the digital economy may drive population growth and accelerate urbanization, thereby increasing urban carbon emissions.
TABLE 3 | Parametric results using regression analysis.
[image: Table comparing fixed effects and threshold effects of various variables. Variables include digital economy, consumption level, education, financial general budget, and social insurance. Each variable shows coefficients with standard errors in parentheses. Significance levels are indicated by asterisks: ** for p < 0.05 and *** for p < 0.01.]Higher consumption levels are often associated with increased production and activities such as transportation and tourism, which can lead to greater energy use and higher carbon emissions (Tang et al., 2017). Additionally, increased fiscal expenditure tends to promote investment in urban infrastructure and the provision of public services, further driving energy consumption and contributing to carbon emissions (Elheddad et al., 2020).
Education is frequently linked to an individual’s capacity for technological innovation and environmental awareness. People with higher levels of education are more likely to adopt cleaner energy sources, lead low-carbon lifestyles, and use environmentally friendly technologies (Sovacool et al., 2022). Moreover, a strong social security system can help reduce social instability, improve living standards, and lower excessive carbon consumption, ultimately contributing to a reduction in carbon emissions (Zhang et al., 2022).
4.3 Threshold effect
Based on the empirical analysis, it is evident that the growth of the digital economy contributes to increasing carbon emissions in cities. However, this conclusion assumes a linear relationship between the digital economy and urban carbon emissions, overlooking potential differences at various stages of economic growth. The impact on urban carbon emissions during the early and mature stages of digital economy growth may vary. To account for this, the study considers the digital economy as a threshold variable, allowing for an examination of its threshold effect on urban carbon emissions.
The results of the threshold effect test, shown in Table 4, indicate that after controlling for relevant variables, the digital economy is significant in a single threshold test. With a threshold value estimated at 0.3604, the digital economy can be categorized into a primary stage when it is below this value and into intermediate or advanced stages when it exceeds this threshold.
TABLE 4 | Results of the threshold effect test.
[image: Table showing data for the variable "DIGI" with types "Single" and "Double." For "Single," F-value is 14.36 (0.073)* and threshold is 0.3604. For "Double," F-value is 6.37 (0.423) and threshold is 1.2839. Asterisk indicates significance at p < 0.10.]Threshold regression, conducted for both the primary and advanced stages of the digital economy (as seen in Table 3), reveals that the digital economy promotes urban carbon emissions in both stages. This demonstrates a nonlinear relationship between the digital economy and urban carbon emissions, supporting hypothesis H2. In the initial stages, the digital economy drives the modernization and transformation of traditional industries, leading to increased energy and resource demands, which result in higher carbon emissions. As the digital economy develops further, the adoption of clean energy and green technologies improves energy efficiency and optimizes industrial structures, gradually reducing carbon emissions. However, as the digital economy expands further, the scale of the digital industry itself may introduce new sources of energy consumption and carbon emissions, thereby amplifying its impact on urban carbon emissions once again.
4.4 A test of mediation effect
The digital economy can have both a direct and an indirect impact on urban carbon emissions, with technology serving as an intermediary (Li and Zhou, 2024). However, when using the stepwise regression method, the indirect effects of variables like technology may be underestimated, leading to bias in their estimation. To address this issue and assess the robustness of the indirect effect of technology, the Sobel-Goodman mediation effect model has been employed. The results of this mediation model, shown in Table 5, indicate that the coefficients from the Sobel, Aroian, and Goodman tests are all 0.004, confirming that the indirect effect of technology is robust and consistent with the findings from the stepwise regression method.
TABLE 5 | Results of mediation effects test.
[image: Table showing mediation effect test results with columns for test type, estimate, standard error, Z-value, and P-value. Sobel, Aroian, and Goodman tests all have estimates of 0.004 and similar statistics. Digital Economy to Technology shows a 0.003 estimate. Technology to Carbon has a 1.267 estimate with a significant Z-value of 13.038 and P-value of 0.000. Indirect, Direct, and Total Effects are listed with estimates and significance levels. The proportion of mediation effect to total effect is 2.96%.]The analysis reveals a total effect value of −0.135, signifying a shift in the overall impact of the digital economy on urban carbon emissions when technology is considered as a mediating factor. This shift occurs because the digital economy influences technology, and the positive impact of technological advancements can offset the negative effects of the digital economy on carbon emissions (Ma et al., 2022). In other words, the overall influence of the digital economy becomes negative when accounting for technology. Technological progress can enhance urban productivity, helping to mitigate carbon emissions and counterbalance any potential increases in emissions caused by the growth of the digital economy (Wang L. et al., 2024).
With a mediation effect of approximately 2.96%, technology plays a crucial role as a mediator between the digital economy and urban carbon emissions. This underscores the importance of considering both the digital economy and technological advancements when developing policies aimed at reducing carbon emissions in urban areas. Implementing targeted policy measures that promote technological innovation is essential for addressing the environmental impacts of the digital economy and achieving sustainable urban development.
4.5 Robustness test
Robustness tests were conducted by altering econometric methods, performing trimming, and substituting core explanatory variables to more thoroughly examine the nonlinear influence of the digital economy on urban carbon emissions. Specifically, the original digital economy index was replaced with one derived through principal component analysis, and the ordinary least squares method was used for analysis instead of the fixed effects model. The robustness test results, presented in Table 6, show that the signs and significance levels of the estimated coefficients for each variable are largely consistent with the original regression results, reinforcing the reliability of the previous findings.
TABLE 6 | Results of the robustness test.
[image: A table displays the effects of variables on three different methods: replacement of core explanatory variables, change measurement method, and trim treatment. Each variable—digital economy, consumption level, education, financial general budget, and social insurance—has coefficients with standard errors in parentheses. Significant values are indicated by triple asterisks (***), signaling a significance level at p < 0.01. The constant and R-squared values are provided for each method, showing the model's explanatory power: 0.5749, 0.7819, and 0.4936, respectively.]5 CONCLUSION AND RECOMMENDATIONS
This study aimed to investigate the complex relationship between the digital economy and urban carbon emissions in China, focusing on potential threshold effects and the mediating role of technology. Using panel data from 286 prefecture-level cities in China from 2012 to 2021, we employed threshold models and mediation effect tests to analyze this relationship.
The empirical findings reveal several key insights. First, the growth of the digital economy is associated with an increase in urban carbon emissions. However, this relationship is not linear. The threshold effect model indicates a nonlinear threshold characteristic between the digital economy and urban carbon emissions, exhibiting a pattern that is initially weak and then strengthens. This suggests that the impact of digital economic development on carbon emissions varies at different stages of digital maturity.
Furthermore, the analysis demonstrates that technology plays a significant mediating role between the digital economy and urban carbon emissions. This finding suggests that technological advancements have the potential to offset the increase in carbon emissions caused by the growth of the digital economy. This highlights the crucial role of innovation and technological progress in mitigating the environmental impact of digital economic development. These results have important implications for policymakers and urban planners in China and potentially other rapidly digitalizing economies. To counteract the nonlinear influence of the digital economy on urban carbon emissions, we propose several focused intervention measures:
Governments should vigorously promote the development of the digital economy while simultaneously optimizing the performance of digital infrastructure and specialized equipment. This should be coupled with increased investment in green technology research and development, encouraging firms to adopt clean production technologies and environmentally friendly equipment. Policymakers should formulate and implement policies that encourage the use of renewable energy sources such as solar and wind power. Financial incentives and favorable policies should be offered to lower the cost of renewable energy adoption.
A reasonable system of carbon emission trading and quotas should be established, along with an integrated energy management and control platform to strengthen the supervision of corporate carbon emissions behaviors. This platform should leverage digital technologies for monitoring, measurement, prediction, and efficiency enhancement of carbon emissions. Urban planning should be optimized to carry out green transformations in key carbon emission sectors such as transportation and industrial manufacturing. Public awareness of environmental protection should be enhanced through the promotion of green and low-carbon travel and products.
To address the mediating impact of scientific and technological factors, governments and enterprises should increase investments in scientific and technological innovation and green technologies. This involves fostering a symbiotic relationship between the digital economy and scientific advancements to achieve carbon emission reduction. A comprehensive system for the precise transformation of traditional industries with high energy consumption should be established. This includes regulating the direction of technological innovation, establishing a technology assessment mechanism, and evaluating the environmental impact of digital economy projects.
This study’s insights extend beyond China, offering global relevance. The findings and recommendations can inform international policies balancing digital economic growth with environmental sustainability, especially in rapidly developing economies facing similar challenges.
While the study provides valuable insights, it is not without limitations. Firstly, due to data availability, our analysis is based solely on data from China. The applicability of our findings to other countries with different economic and environmental conditions remains to be tested. Secondly, while we focused on the mediating effect of technology, there may be other potential influencing factors that were not considered in this study.
For future research, we recommend several directions. The scope of the study should be expanded to include data from other countries, allowing for comparative analysis and assessment of the validity and universality of our conclusions across different economic and environmental contexts. Other potential mediating or moderating factors in the relationship between the digital economy and urban carbon emissions, such as institutional quality, industrial structure, or urban density, should be investigated.
In-depth case studies of cities that have successfully balanced digital economic growth with carbon emission reduction could be conducted to identify best practices and transferable strategies. The long-term dynamics of the relationship between digital economy development and carbon emissions should be explored, potentially using longer time series data and more advanced econometric techniques. Lastly, future research could investigate the specific mechanisms through which different aspects of the digital economy (e.g., e-commerce, smart city initiatives, Industry 4.0) impact carbon emissions.
By addressing these research directions, future studies can build upon our findings and provide a more comprehensive understanding of how to leverage digital economic development for sustainable urban growth and effective carbon emission reduction. This knowledge will be crucial as countries worldwide strive to balance economic development with environmental sustainability in an increasingly digital age.
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Households' carbon emissions (HCEs) plays an important role in the overall carbon emission (CE) reduction. This study conducts a comparative analysis of the trends and characteristics of the rural and urban HCEs in China in 1997–2020, by applying the environmental input-output (EIO) model. Then, a three-stage SDA model is applied to decompose the driving forces of the rural and urban HCEs evolution into population effect, per capita HCEs effect, expenditure effect, CE intensity effect, energy structure effect, and energy consumption intensity effect. It is obtained that the rural HCEs increases before 2015 and then decreases, but its per capita HCEs has always shown an upward trend. The urban HCEs has been increasing, but its per capita HCEs starts to decrease after 2015. Indirect HCEs accounts for over 80% of both the rural and urban HCEs, and Residence, Food and Tobacco, Transportation and Communication are the three biggest contributing sectors. To reveal the driving forces of the rural and urban HCEs evolution, this study conducts phase decomposition analysis with 2015 as a turning point. For rural HCEs, in 1997–2015, rural HCEs increased due to the dominant expenditure effect; from 2015 to 2020, the driving force reversed, leading to a decline in rural HCEs. For urban HCEs, the positive population and expenditure effects have always been larger than the negative energy structure and energy consumption intensity effects, resulting growth in urban HCEs. For urban per capita HCEs, in 1997–2015, the positive expenditure effect is greater than the negative CE intensity effect, leading to an increase in urban per capita HCEs, and a positive urban per capita HCEs effect. In 2015–2020, the driving force reversed, leading to a decline in urban per capita HCEs. Based on above results, countermeasures to promote rural and urban HCEs reduction are discussed.
Keywords: households’ carbon emissions (HCEs), evolutionary trend, characteristics, driving forces, EIO-SDA model

1 INTRODUCTION
Greenhouse gas emissions, represented by CO2, are the primary cause of global climate change. The Paris Agreement (2015) states that to avoid a climate catastrophe, it is necessary to hold the increase in the global average temperature to well below 2°C above pre-industrial levels and pursuing efforts to limit the temperature increase to 1.5°C above pre-industrial levels, and requires that countries achieve carbon neutrality by the second half of this century. As the world’s largest emitter of CO2, in 2020, General Secretary Xi Jinping committed at the general debate of the 75th Session of the United Nations General Assembly that China would strive to peak carbon emissions (CEs) before 2030 and achieve carbon neutrality before 2060 (the dual carbon goals), and has integrated these goals into the overall planning of social-economic development and ecological civilization construction, making them an intrinsic requirement and driving force for high-quality development in China. For a time, the whole society sparked a research craze on the implementation path and action plans for China’s dual carbon goals. Experts and scholars explored coping strategies from multiple dimensions such as energy transition, industrial upgrading, and technological innovation (Zhang et al., 2022; Lin, 2022; Hu, 2021; He et al., 2020; Wang and Zhang, 2020). However, achieving the dual carbon goals not only requires a persistent push for innovation and reform in the supply side, but also calls for attention to the significant role of HCEs. The “Emissions Gap Report (2020)” published by UNEP indicates that household greenhouse gas emissions account for about two-thirds of the total global emissions. “Climate Change (2022): Mitigation of Climate Change” of IPCC also suggests that implementing correct policies, infrastructure, and technologies, and changing lifestyles and behaviors, would reduce greenhouse gas emissions by 40%–70% by 2050. Thus, the role of HCEs reduction in the overall CE reduction is evident. Therefore, with the urgent constraints of global climate change and China’s dual carbon goals, fully revealing the evolutionary trend and characteristics of China’s HCEs, clarifying its key driving factors, and proposing countermeasures to promote HCEs reduction, are vital to reduce China’s HCEs and promoting the achievement of the dual carbon goals.
Currently, research on HCEs in China mainly focuses on two aspects: 1) Accounting and trend analysis of HCEs. For instance, Peng et al. (2023) analyzed the trend of HCEs in China in 2010–2017, and concluded that the amount of HCEs in China is gradually increasing, accounting for approximately one-third of China’s total CEs. Mi et al. (2020) analyzed the HCEs of different income groups in China in 2007–2012 and concluded that the HCEs from the top 5% high-income groups accounted for 19% of the total HCEs, while HCEs from the bottom 50% income groups only accounted for 25% of the total HCEs. This finding is consistent with the study conducted by Wiedenhofer et al. (2017). Additionally, Xie et al. (2020) calculated the direct HCEs in Guangdong province in 1995–2017. Wang and Yang (2016) analyzed the trend of HCEs in Beijing in 2000–2010. 2) Examining the driving factors of HCEs in China. One approach involves using econometric regression models to analyze the main factors influencing HCEs and the extent of their impact. Zhao et al. (2023) employed a panel data regression model to analyze the impact of housing wealth and financial wealth on HCEs in China in 2012–2016, and concluded that housing wealth has an evidently larger impact on HCEs, almost twice as large as that of financial wealth. Shi et al. (2020) analyzed the driving forces of indirect HCEs in China in 2012–2016, and obtained that income, urban or rural residency, and fuel type are the three most important influencing factors. Li et al. (2015) analyzed the impact of urbanization on China’s HCEs and concluded that the direct HCEs and indirect HCEs increased by 2.9% and 1.1%, respectively, for every 1% increase in the urbanization rate. The other approach is to decompose the evolution of HCEs by applying factor decomposition methods. Peng et al. (2021) used the SDA model to decompose the evolution of indirect HCEs in China in 2002–2017 into the effect caused by change of direct CE intensity, production technology, consumption structure, propensity to consume, income scale, and population. They concluded that income scale has always been the main driving factor promoting CE growth, while direct CE intensity is the main inhibiting factor. Liu et al. (2019) used the LMDI method to decompose the evolution of HCEs in China in 2002–2012, they obtained that per capita consumption is the main factor driving the HCEs growth, and that the decrease in CE intensity is the main inhibiting factor. In addition, Fan et al. (2021), Zhao et al. (2021), Yuan et al. (2019) also analyzed the main driving forces of HCEs in China.
Existing research plays a significant role in analyzing the trend of HCEs in China and its main driving factors. However, it is not hard to identify following limitations: 1) There is a lack of accounting for China’s HCEs in long-term and in latest years, which makes it difficult to uncover the long-term trend and characteristics of its evolution and the current patterns; 2) In terms of driving factor decomposition, few studies have conducted phase decomposition, especially when there has been a significant turning point in the total or per capita HCEs. Consequently, it doesn’t truly reflect the driving effects of the influencing factors at different stages. 3) Moreover, China’s urban-rural dual structure is pronounced, with significant differences in the total and per capita HCEs, as well as the effects of driving factors. However, few studies have conducted comparative analysis of the evolution and driving factors of the rural and urban HCEs in China, leading to a lack of targetability and effectivity of countermeasures in urban and rural HCEs reduction.
Aiming at above deficiencies, this study, based on the latest long-term input-output tables of China in 1997–2020, sectoral energy consumption data, etc., conducts a comparative analysis of the evolutionary trends, characteristics, and driving forces of the rural and urban HCEs in China, by applying the EIO and SDA (EIO-SDA) model. Consequently, it proposes countermeasures to promote rural and urban HCEs reduction, which can help the implementation of China’s dual carbon goals.
2 METHODS AND DATA SOURCES
2.1 Methods
To reveal the evolutionary trends of the rural and urban HCEs in China, the sectoral accounting method provided by IPCC was applied to account the direct HCEs, and the EIO model was applied to account the indirect HCEs. Then, the SDA model was applied to quantify the effects of the driving forces in evolution of the rural and urban HCEs.
2.1.1 Accounting of HCEs in China
2.1.1.1 Accounting of direct HCEs in China
The direct HCEs is obtained from “China CO2 inventory in 1997–2021 (by IPCC Sectoral Emission)” provided by CEADs (2024). CEADs calculated CEs of 47 sectors, including both rural and urban direct HCEs, based on the sectoral accounting method provided by IPCC, as shown in Equation 1. [image: "Mathematical expression showing 'HCES' with subscript 'd' in italics."] for direct HCEs, [image: It seems there is no image attached. Please try uploading the image again or provide a URL. Additionally, you can include a caption for context if you like.] for energy fuels, [image: Please upload the image or provide a URL to the image you would like described.] for energy consumption of energy fuels, [image: Greek letter mu, subscript i.] for CO2 coefficient of energy fuels.
[image: Equation showing \( \text{HCE}_{sd} = \sum_i \mu_i \times E_i \), labeled as equation (1).]
2.1.1.2 Accounting of indirect HCEs in China by EIO model
EIO model has been widely used in accounting of indirect HCEs (Meng et al., 2023; Yang et al., 2022; Jakob and Marchiniski, 2013; Peters and Hertwich, 2008). It is based on the IO table and take into account the inter-relationships between economic activities and the environment. The accounting method is as shown as Equation 2. [image: Text displaying the mathematical expression "H C E" with a subscript "s i n d".] for indirect HCEs, [image: Matrix equation showing the inverse of the difference between matrix I and matrix A, represented as \((I - A)^{-1}\).] for Leontief inverse matrix, [image: It seems there is an issue with the image upload. Please try uploading the image file again or provide a URL for the image, and I will be able to assist you with the alt text.]/ [image: It seems like there is an error or missing information regarding the image upload. Please try uploading the image again or provide additional context or a description, and I’ll be happy to help with the alt text.] represent the consumption value matrices for urban or rural households, respectively, [image: It seems there was an issue with the image upload. Please try uploading the image again, or provide a URL or description if needed.] denotes the CEs of industry m, which is also obtained from “China CO2 inventory in 1997–2021 (by IPCC Sectoral Emission).” Due to the inconsistency in the number of sectors in “China CO2 inventory in 1997–2021 (by IPCC Sectoral Emission)” with the number of sectors in China’s input-output tables, integration of some sectors is required in the accounting process. To retain as much sectoral information as possible, the sectors are integrated into 28 categories, as shown in Table A1.
[image: Formula depicting HCES subscript ind equals the summation over m of CE subscript m times the inverse of I minus A times the fraction F subscript u over F subscript r, with equation number two.]
2.1.1.3 Accounting of total HCEs
The total HCEs equals the sum of direct HCEs and indirect HCEs, as shown in Equation 3.
[image: Equation showing that \( HCE_s \) equals \( HCE_{s_l} \) plus \( HCE_{s_{inf}} \).]
2.1.2 SDA decomposition of evolution of HCEs in China
SDA model is a classic model for quantifying the effect of evolution of driving factors. It is based on IO table and decomposes the dependent variable into the product of several driving factors, and reflects the change of the dependent variable as the product of the changes of its driving factors. The SDA model has been widely used in decomposing the evolution of CEs (Yang et al., 2024; Yang et al., 2024; Cheng et al., 2018; Su et al., 2010).
To analyze the driving factors of HCEs, this study employs a three-stage SDA model, in which, we analyze the driving forces through a three-stage decomposition. Firstly, the evolution of HCEs is decomposed into the product of population (P) change and per capita HCEs ([image: Mathematical expression showing "HCE" with a subscript "s_pc".]) change, as shown in Equation 4. 0 and 1 represent the starting and ending years, respectively. [image: The formula displayed is one-half times delta P times the sum of HCE subscript pc1 and HCE subscript pc0.] reflects the change of HCEs driven by population change, which is referred to as the population effect. [image: Mathematical expression showing one-half multiplied by delta HCE sub pc, multiplied by the sum of P subscript one and P subscript zero.] reflects the change of HCEs driven by change of per capita HCEs, which is referred to as the per capita HCEs effect.
Secondly, the change of per capita HCEs is decomposed into the product of change of CE intensity (CO2 emissions per households’ consumption expenditure, [image: It seems like you've mentioned a mathematical expression rather than an image. If you have an image you'd like me to provide alt text for, please upload it or provide a URL.]) and the change of households’ consumption expenditure ([image: Please upload the image or provide a URL so I can help create the alt text for it.]). [image: Formula for calculation: one-half multiplied by delta CI subscript ex, multiplied by the sum of Ex sub one and Ex sub zero.] reflects the change of per capita HCEs driven by CE intensity change, its effect on HCEs is referred to as the CE intensity effect. [image: Mathematical formula: one-half multiplied by the change in excitation energy, \(\Delta E_x\), multiplied by the sum of two excitation intensities, \(CI_{ex1}\) and \(CI_{ex0}\).] reflects the change of per capita HCEs driven by households’ consumption expenditure change, its effect on HCEs is referred to as the expenditure effect. As shown in Equation 5.
Thirdly, the change of CE intensity is furtherly decomposed into product of CE coefficient ([image: Please upload the image or provide a URL so I can help create the alternate text.]) change and change of energy consumption intensity of households’ consumption expenditure ([image: It seems there was an error with your request—no image was uploaded. Please try uploading the image again or provide a URL.]). [image: The formula is one-half times change in carbon concentration of ex (ΔCCₑₓ), multiplied by the sum of EIₑₓ₁ and EIₑₓ₀.] reflects the change of CE intensity driven by change of CE coefficient. Since the [image: It seems you referred to a mathematical expression rather than an image. If you have a specific image you need alt text for, please upload it or provide a URL.] is mainly determined by the energy structure, it effect on HCEs is referred to as the energy structure effect. [image: Mathematical formula: one-half multiplied by the change in exposure index, denoted as delta EI sub ex, multiplied by the sum of CC sub ex zero and CC sub ex one.] reflects the change of CE intensity driven by change of energy consumption intensity, its effect on HCEs is referred to as the energy consumption intensity effect. As shown in Equation 6.
Based on the three-stage SDA model, we can quantify the driving effects of changes of population, per capita HCEs, CE intensity, households’ consumption expenditure, energy structure, and energy consumption intensity on changes of the rural and urban HCEs.
The first-stage decomposition:
[image: Equation labeled as equation four, showing the calculation of change in HCEs. It reads: ΔHCEs equals ΔP times ΔHCEs subscript pc equals one-half times ΔP times the sum of HCEs subscript pc1 and HCEs subscript pc0 plus one-half times ΔHCEs subscript pc times the sum of P1 and P0.]
The second-stage decomposition:
[image: Equation illustrating the change in health care expenditure due to price change, ΔHCES_pc, equals the change in cost index, ΔCI_ex, multiplied by the change in expenditure, ΔEx. It is expressed as one-half times ΔCI_ex times the sum of expenditures in periods one and zero, plus one-half times ΔEx times the sum of cost indices in periods one and zero. Labeled as equation five.]
The third-stage decomposition:
[image: Equation showing: Change in CI_ex equals change in CC_ex times change in EI_ex, expressed as one-half times change in CC_ex times the sum of EI_ex1 and EI_ex0, plus one-half times change in EI_ex times the sum of CC_ex1 and CC_ex0.]
2.2 Data sources
The input-output tables of China are obtained from the “China Statistical Yearbook” and includes 10 years of data, 1997, 2000, 2002, 2005, 2007, 2012, 2015, 2017, 2018, and 2020. Since the year 2000 only includes 17 sectors, the coarse industry classification would lead to significant changes in the direct consumption coefficients in the input-output table, thereby reducing data accuracy. Therefore, to ensure the unity of the accounting process and the reliability and comparability of the results, the indirect HCEs in 2000 is not accounted. Data of the rural and urban population, per capita households’ consumption expenditure, and sectoral energy consumption are all sourced from the official website of the National Bureau of Statistics (2024) of China.
3 RESULTS
3.1 Overall trend comparison of HCEs in China
3.1.1 Trend of rural HCEs in China
In 1997–2020, the rural HCEs in China showed a trend of first increasing and then decreasing (Figure 1), rising from 625 Mt to 807 Mt in 2015 and then decreasing to 730 Mt in 2020. The per capita rural HCEs showed a wave-like upward trend, gradually increasing from 0.74 t in 1997 to 1.43 t 2020. Among rural HCEs, the proportion of indirect HCEs accounted for about 80%, which is the main component.
[image: Bar and area chart showing three datasets from 1997 to 2020. The datasets are labeled as blue area (Rural-HCEs), gray area (Rural-HCEstand), and orange bars (Rural-HCEspec). The left vertical axis indicates Rind-HCEs levels from zero to 1.6, while the right vertical axis scales Rural-HCEspec in hundreds. The data indicate an upward trend in Rural-HCEs with fluctuations in other datasets.]FIGURE 1 | Rural-HCEs, Rural-HCEsind, and Rural-HCEspc in China in 1997–2020.
Combining the changes of the rural population (in 1997–2020, the total rural population in China decreased rapidly from 842 million to 510 million), rural HCEs, and rural per capita HCEs, it can be observed that, before 2015, the increase in rural HCEs was driven by the positive effect (+) of the increase in rural per capita HCEs, which outweighed the negative effect (−) of the decrease in the rural population. After 2015, the negative effect (−) of the population decrease exceeded the positive effect (+) of the increase in rural per capita HCEs, leading to a reduction in rural HCEs.
3.1.2 Trend of urban HCEs in China
The urban HCEs in China has shown an upward trend, increasing from 709 Mt in 1997–2,505 Mt in 2020, but the growth rate has gradually slowed down after year 2015 (Figure 2). The per capita urban HCEs first increased and then decreased, rising from 1.8 t in 1997 to 2.96 t in 2015, and then gradually decreasing to 2.78 t in 2020, but is still significantly higher than rural per capita HCEs (1.43 t). Among urban HCEs, indirect HCEs accounts for about 90%, which is higher than that of rural households.
[image: Bar and line chart showing Urban-HCEx, Urban-HCExmd, and Urban-HCExpc from 1997 to 2020. Urban-HCEx values increase steadily over time. The left y-axis represents Urban-HCEx, while the right y-axis shows Urban-HCEx, MJ. Bars are shaded in different colors to indicate each category.]FIGURE 2 | Urban-HCEs, Urban-HCEsind, and Urban-HCEspc in China in 1997–2020.
China is in the midst of rapid urbanization, with the urbanization rate increasing from 31.9% in 1997 to 63.9% in 2020, and the urban population growing from 395 million to 902 million during the same period. Combined with the evolutionary trend of the urban HCEs, it can be observed that from 1997 to 2015, the increase in urban HCEs was driven by two positive effects: the increase in urban population and the increase in per capita urban HCEs. After 2015, although the decrease in per capita urban HCEs had a negative effect on urban HCEs, it was smaller than the positive effect by the increase in urban population, thus the urban HCEs still shows an upward trend, but at a slower rate of increase.
3.1.3 Trend of the total HCEs in China
Integrating the rural and urban HCEs, the total HCEs in China showed an upward trend. It firstly increased fast from 1,333 Mt to 3,152 Mt in1997–2015 (Figure 3), with an annual growth rate of 4.9%, which was due to the rapid rise in both urban and rural HCEs. After 2015, the growth rate of total HCEs slowed down, only reaching 3,235 Mt in 2020, with an annual growth rate of 0.5%, mainly because the rural HCEs began to decline and the growth rate of urban HCEs slowed down. The total HCEs in China accounts for about one-third of its total CEs, which is consistent with the research results of Peng et al. (2023), Li et al. (2015), Liu et al. (2011), and Guan et al. (2018).
[image: Stacked bar chart showing different types of hydrocarbon emissions from 1997 to 2020. Bars are divided into Total CEs, HCEs, HCEs mid, Urban-HCEs, HCE spec, with values on the left ranging from zero to two point five and on the right from zero to twelve hundred. The chart illustrates a general upward trend over time.]FIGURE 3 | Total CEs, HCEs, HCEsind, Urban-HCEs, and HCEspc in China in 1997–2020.
The per capita HCEs in China showed a significant upward trend before 2015, increasing from 1.08 t in 1997 to 2.28 t in 2015. After 2015, the variations were relatively small, with a value of 2.29 t in 2020.
In terms of urban-rural structure, the urban HCEs is the main source of HCEs in China, accounting for nearly 80%. Although per capita urban HCEs is on a downward trend, it is still far higher than the per capita level in rural areas.
In terms of emission sources, the proportion of indirect HCEs (both rural and urban included) in the total HCEs exceeds 80%. This indicates that promoting HCEs reduction not only requires attention to reduce direct energy consumption from households’ electricity and energy use, but also to reduce indirect energy consumption from residence, clothing, transportation, entertainment, education, etc.
3.2 Comparison of major contributing sectors in rural and urban indirect HCEs
To reveal the main contributors of the rural and urban indirect HCEs, we interact the 28 sectors in accounting indirect HCEs with the eight consumption types (the relation between the 28 sectors and the consumption types is in Table A2). It can be obtained that Residence, Food and Tobacco, Transportation and Communication are the main contributors of both rural and urban indirect HCEs. They account for 66.65%, 9.78%, 4.54% of the rural indirect HCEs (Figure 4), and 66.68%, 9.36%, 3.23% of the urban indirect HCEs (Figure 5), respectively in 2020.
[image: Stacked bar chart showing the distribution of household consumption expenditure by category from 1997 to 2020. Categories include residence, food and tobacco, transportation and communication, health care, clothing, education, culture and entertainment, household consumables and services, and others. Residence consistently represents the largest portion. The chart highlights stability in category proportions over time, with minor fluctuations.]FIGURE 4 | Structure of the rural indirect HCEs by consumption types in 1997–2020.
[image: Stacked bar chart showing household consumption percentages from 1997 to 2020. Categories include Residence, Transportation and Communication, Other Goods and Services, Clothing, Health Care, Food and Tobacco, Education, Culture and Entertainment, Household Consumables and Services, and Others. Each year, Residence consistently occupies the largest portion, followed by Transportation and Communication, and varying percentages for other categories.]FIGURE 5 | Structure of the urban indirect HCEs by consumption types in 1997–2020.
3.3 Phase analysis and driving force decomposition
3.3.1 Phase analysis
Summarizing the above analysis results, the evolution of rural and urban HCEs in China, as well as that of rural and urban per capita HCEs, show different trends. The rural HCEs increased before 2015 and then decreased, but its per capita HCEs has always shown an upward trend. The urban HCEs has been increasing, but its per capita HCEs started to decrease after 2015. Therefore, in order to deeply analyze the driving forces of rural and urban HCEs in China, this study conducts SDA on the evolution of rural and urban HCEs, separately. Moreover, because 2015 is a turning point for the rural HCEs and the urban per capita HCEs, this study conduces a phase SDA analysis of the rural and urban HCEs in 1997–2015 and 2015–2020.
3.3.2 Driving force decomposition of rural HCEs in China
From 1997 to 2015, the rural HCEs increased from 625 Mt to 807 Mt, with the population effect was −265 Mt, and the rural per capita HCEs effect was 448 Mt. The decrease in the rural population, which decreased from 842 million to 590 million, led to a reduction in rural HCEs by 265 Mt (Figure 6). The increase in per capita rural HCEs, which increased from 0.74 t to 1.37 t, contributed to an increase in rural HCEs by 448 Mt. Therefore, the rural HCEs increased. In the decomposition of per capita HCEs, the rise in rural households’ consumption expenditure (increased from 1,617 to 9223 yuan) was the driving factor for the increase in rural per capita HCEs, which promotes the rural per capita HCEs increase by 2.31t, while the decline in CE intensity (decreased from 4.59 t/104 yuan to 1.67 t/104 yuan) was the inhibiting factor, leading to a decrease of 1.68 t for urban per capita HCEs. The positive driving forces of households’ consumption expenditure is greater than the inhibiting forces of CE intensity, leading to a growth in rural per capita HCEs, and a positive expenditure effect of 1,654 Mt, and a negative CE intensity effect of −1,206 Mt, on the total rural HCEs. For change of CE intensity, the optimization of the energy structure (with the CE coefficient decreased from 1.96 to 1.67) and the reduction in energy consumption intensity (decreased from 2.34 t/104 to 0.89 t/104) in rural areas collectively push down the rural CE intensity, and correspondingly negative effects of −180 Mt and −1,026 Mt on rural HCEs, respectively.
[image: Two bar charts depict changes in HOES (Household Environmental Services) in rural areas. Chart (a) shows data from 1997 to 2015, with stages: total effect, population effect, per capita HOES effect, expenditure effect, consumption effect, and energy service effects. Chart (b) covers 2015 to 2020 with similar stages. Arrows indicate transitions between effects, and different colors highlight each stage. Both charts use a vertical axis for change in HOES measured in metric tons.]FIGURE 6 | The SDA results of change of the rural HCEs in China. (A) Rural: 1997–2015. (B) Rural: 2015–2020.
From 2015 to 2020, The population effect remains negative, −112 Mt, the rural per capita HCEs effect remains positive, 35 Mt, hence rural HCEs shows a downward trend. In terms of the decomposition of change of rural per capita HCEs, the increase in rural households’ consumption expenditure (increased from 9223 yuan to 13713 yuan) leading to an increase in rural per capita HCEs (0.57 t), is still higher than the decrease caused by the reduction in CE intensity (0.5 t), thus rural per capita HCEs continue to rise but with a declining speed, leading to a positive rural per capita HCEs effect of 35 Mt, a positive expenditure effect of 312 Mt, and a negative effect of −277 Mt on the rural HCEs. As a result, the negative population effect is greater than the positive per capita HCEs effect, and the rural HCEs starts to decrease. The effects of energy structure and energy consumption intensity continue to be negative, at −139 Mt and −138 Mt, respectively, jointly promoting the decrease in rural CE intensity.
In summary, the increase in rural households’ consumption expenditure promotes an increase in rural HCEs, while the reduction in the rural population, the optimization of the energy structure, and the decrease in energy consumption intensity jointly drive its reduction. From 1997 to 2015, the negative population effect, energy structure effect, and energy consumption intensity effect is smaller than the positive expenditure effect, thus the rural HCEs increase. From 2015 to 2020, the driving forces reversed, the rural HCEs decreases.
3.3.3 Driving force decomposition of urban HCEs in China
From 1997 to 2015, the growth in urban population (increased from 395 million to 793 million, with the urbanization rate growing from 31.9% to 57.3%) and the increase in urban per capita HCEs (increased from 0.74 tons to 1.37 tons) jointly drove the growth in urban HCEs. The population effect and the urban per capita HCEs effect are 947 Mt and 689 Mt, respectively (Figure 7). For the urban per capita HCEs effect, the rise in urban households’ consumption expenditure (increased from 4,186 yuan to 21,392 yuan) promotes the urban per capita HCEs increase by 4.88 t, and the decline in CE intensity (decreased from 4.59 t/104 yuan to 1.48t/104 yuan) leads to the urban per capita HCEs reduce by 3.72 t, causing a positive urban per capita HCEs effect of 689 Mt, a positive expenditure effect of 2,898 Mt, and a negative CE intensity of 2,209 Mt, respectively. Further decomposing the CE intensity effect, the optimization of the energy structure (with the CE coefficient decreasing from 1.99 to 1.85) and the decrease in energy consumption intensity (decreased from 2.16 t/104 yuan to 0.75 t/104 yuan) jointly pushed down CE intensity, thereby leading to a negative CE intensity effect. The energy structure effect and the energy consumption intensity effect were −154 Mt and −2,055 Mt, respectively.
[image: Two bar charts compare changes in HCEs (Megaton, Mt) for urban areas. The top chart (1997-2015) shows total effect, population, per capita effect, expenditure structure, CE intensity, and carbon intensity. The bottom chart (2015-2020) displays a similar structure, detailing a total effect, population, per capita effect, expenditure structure, CE intensity, and carbon intensity, with variations in magnitudes compared to the first chart.]FIGURE 7 | The SDA results of change of the urban HCEs in China. (A) Urban: 1997–2015. (B) Urban: 2015–2020.
From 2015 to 2020, the continuous growth of the urban population (increased to 902.2 million, and the urbanization rate grew to 63.9%) further boosted the urban HCEs, with a population effect of 312.96 Mt. However, the urban per capita HCEs effect turned negative due to the decline in urban per capita HCEs, amounting to −153.20 Mt, which inhibits the increase in urban HCEs. Decomposing the urban per capita HCEs, it can be seen that the promotional effect of the rise in urban households’ consumption expenditure on urban per capita urban HCEs (+0.68t) was smaller than the inhibitory effect of the decline in CE intensity (−0.86t), resulting in a decrease in urban per capita HCEs, presenting an positive expenditure effect of 573.55 Mt, while a negative CE intensity effect of −726.75 Mt. Furtherly decomposing the urban CE intensity effect, it can be obtained that the energy structure effect and the energy consumption intensity effect were −239 million tons and −487 million tons, respectively.
In summary, the increase in urban population and the rise in expenditure have promoted the growth of urban HCEs, while optimization of the energy structure and a decline in energy consumption intensity have inhibited its increase. However, the overall inhibiting effect is smaller than the promotional effect. From 1997 to 2015, the effect caused by the rise in urban households’ consumption expenditure is greater than the decrease caused by the decline in CE intensity, leading to an increase in urban per capita HCEs, and a positive urban per capita HCEs effect. From 2015 to 2020, the magnitudes of the two effects were reversed, resulting in a decrease in urban per capita urban HCEs, a negative urban per capita urban HCEs effect.
4 POLICY RECOMMENDATIONS AND IMPLICATIONS
Based on above results, it can be obtained that the evolutionary trends and driving forces of rural and urban HCEs in China, as well as that of rural and urban per capita HCEs in China are obviously different. For urban HCEs, although the urban per capita HCEs have decreased, the continued rapid growth of the urban population has promoted the urban HCEs to continue rising. China is now in the process of rapid urbanization, according to the “National Population Development Plan (2016)”, by 2030, the rate of permanent urbanization in China will reach 70%. The continued increase in urban population will further have a positive effect on the urban HCEs and promote its growth. For rural HCEs, although the rural HCEs shows a downward trend, this is mainly due to the decrease in the rural population. The rural per capita HCEs is still on the rise, and the gap between rural and urban per capita HCEs is still significant (the rural per capita HCEs is 1.43t, while the urban per capita HCEs is 2.78t, in 2020). In the future, as the expenditure level of rural households continues to rise, the rural per capita HCEs will continue to grow, leading to a positive effect on rural HCEs. Therefore, when analyzing China’s HCEs and formulating policy recommendations for HCEs reduction, it is essential to fully consider the urban-rural characteristics, so as to ensure their relevance and effectiveness.
Meanwhile, China is the world’s largest developing country, with a strong development momentum and tremendous potential. According to China’s second centennial goal, by the mid-21st century, the per capita GDP should reach the level of middle-income countries, achieving a range of 40,000 to 50,000 US dollars (Wang, 2023). In the future, with China’s economic growth and the improvement of people’s income and expenditure levels, the expenditure effect will continue to be positive. The dual positive effects of increased urban population and increased expenditure in both urban and rural households will promote an increase in HCEs. In this case, to inhibit increase in HCEs or to promote its reduction, it is crucial to intensify efforts to optimize the energy structure and reduce energy consumption intensity. To achieve these goals, on one hand, it is necessary to develop clean and renewable energy sources, especially solar energy, to increase their proportion in the energy structure. In China, the cost of photovoltaic power generation is far lower than that of coal - fired power generation. China has a vast territory and is rich in solar energy resources. Thereby, promoting photovoltaic power generation is essential for energy conservation and CE reduction. In rural areas, utilize the advantages of rural residences to promote distributed photovoltaic power generation, and strengthen the construction of household energy - storage devices, to achieve self - sufficiency in energy use for rural households. In urban area, build distributed photovoltaic power generation systems on large - area surface areas such as the roofs and walls of industrial parks, large - scale commercial and public buildings in the city, construct solar power stations on vacant lands around the city, and integrate photovoltaic power generation into the urban power grid. In addition, use solar lights in urban street lighting, parks, squares and other lighting systems. Take multiple measures simultaneously to promote the development of renewable and clean energy in rural and urban areas. On the other, it is necessary to accelerate the construction of a circular economy system, promote the recycling of resources, and achieve energy conservation and emission reduction.
Additionally, China’s HCEs accounts for one-third of the country’s total CEs, with indirect HCEs accounting for over 80% (both rural and urban included). Therefore, promoting the reduction of HCEs not only requires reduction in direct energy consumption, but also in indirect energy consumption. Among the indirect HCEs, Residence, Food and Tobacco, and Transportation and Communication are the three main contributing sectors, both in rural and urban households. Thus, promoting the low-carbon transformation of households’ consumption, especially low-carbon transformation of these three types, and encouraging households to adopt low-carbon consumption behaviors, such as frugal consumption, waste avoidance, recycling, and choosing low-carbon products, is of great significance. It will not only directly promote the HCEs reduction, but also indirectly incentivize the production side to save energy and reduce CEs, which is of great significance both for HCEs reduction and the overall production CEs reduction. To promote the low-carbon transformation of households’ consumption, following countermeasures could be implemented. ①Strengthen the publicity and promotion of low - carbon consumption, and gradually establish residents’ awareness of low - carbon consumption. ② Establish a low - carbon consumption incentive mechanism. For example, subsidies can be obtained for purchasing products with lower carbon emissions among similar products. ③Moderately specify the legal obligations of residents in low-carbon consumption. For example, clearly specify in laws that residents bear the obligations of CE reduction and low - carbon consumption, etc. By integrating publicity and education, incentive mechanisms, and obligation, to promote the low - carbon transformation of households’ consumption, thereby reducing the HCEs and forcing enterprises to improve energy efficiency and reduce CE intensity.
5 CONCLUSION
This study conducts a comparative analysis of the evolutionary trends, characteristics, and driving forces of the urban and rural HCEs in China by applying the EIO-SDA model, based on the latest long-term input-output tables of China from 1997 to 2020, sectoral energy consumption data, etc. It is acquired that the evolutionary trends and driving forces of rural and urban HCEs in China, as well as that of rural and urban per capita HCEs in China vary significantly. The rural HCEs increased before 2015 and then decreased, but the per capita HCEs has always shown an upward trend. The urban HCEs has been increasing, but its per capita HCEs started to decrease after 2015. The indirect HCEs accounting for over 80% of the total HCEs, and Residence, Food and Tobacco, Transportation and Communication are the three main contributing sectors, both for rural and urban households.
For driving forces, the rural HCEs: the increase in rural households’ consumption expenditure promotes an increase in rural HCEs, while the reduction in the rural population, the optimization of the energy structure, and the decrease in energy consumption intensity jointly drive its reduction. From 1997 to 2015, the negative population effect, energy structure effect, and energy consumption intensity effect is smaller than the positive expenditure effect, thus the rural HCEs increase. From 2015 to 2020, the magnitudes of these effects were reversed, the rural HCEs decreases. For rural per capita HCEs, its expenditure effect is always bigger than the CE intensity effect, thus the rural per capita HCEs keeps rising. For urban HCEs, the increase in urban population and the rise in expenditure have promoted the growth of urban HCEs, while optimization of the energy structure and a decline in energy consumption intensity have inhibited its increase. However, the overall inhibiting effect is smaller than the promotional effect. From 1997 to 2015, the effect caused by the rise in urban households’ consumption expenditure was greater than the decrease caused by the decline in CE intensity, leading to an increase in urban per capita HCEs, and a positive urban per capita HCEs effect. From 2015 to 2020, the magnitude of the two effects was reversed, resulting in a decrease in urban per capita urban HCEs, a negative urban per capita urban HCEs effect.
Based on above results, some policy implications were proposed, including fully consider the urban-rural characteristics, so as to ensure policies’ relevance and effectiveness, intensify efforts to optimize the energy structure and reduce energy consumption intensity, promotes the low-carbon transformation of households’ consumption and encourage households to adopt low-carbon consumption behaviors. This study can promote urban and rural HCEs reduction, and help the implementation of China’s dual carbon goals.
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In the digital economy era, increasing government’s adoption and attention to digital technology is not only conducive to accelerating the improvement of governance capacity, but also an important measure to achieve green economic development. This paper uses text analysis to measure the government digital attention at the city level, and then uses panel data econometric models to estimate the impact of government digital attention on carbon emissions reduction. The findings reveal that government digital attention can significantly reduce carbon dioxide emissions by improving the government’s low-carbon governance, strengthening the public’s low-carbon attention, and encouraging the enterprises’ low-carbon transformation. Further, government digital attention mainly reduces carbon dioxide from direct energy consumption, transportation and electricity product. The carbon reduction effect of government digital attention is also affected by degree of marketization, and the high degree of marketization helps to reinforce the effect. Moreover, there is spatial heterogeneity in the effect, it is more significant in the eastern region. Our conclusions are then of important implications for promoting China’s carbon dioxide reduction and achieving high-quality sustainable development.
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1 INTRODUCTION
In the face of increasingly serious environmental and climate issues, the Chinese government has made achieving carbon reduction an important aspect of promoting high-quality economic development in recent years. In 2020, the Chinese government proposed at the 75th United Nations General Assembly: “China will increase its nationally determined contributions, adopt more effective policies and measures, strive to peak carbon dioxide emissions before 2030, and strive to achieve carbon neutrality before 2060”.1 This has also become an important goal constraint for China’s low-carbon transformation at present.
Especially after entering the digital economy era, with the popularization of technologies such as the Internet of Things, cloud computing, and big data, the Chinese government attaches great importance to applying digital technology to social governance and high-quality economic development. The 14th Five Year Plan clearly pointed out that accelerating digital development, building a digital China, and promoting deep integration of digital technology and real economy.2 The government is increasingly valuing the application of digital technology and placing greater emphasis on it in order to better rely on digital technology to enhance governance capabilities and help the economy and society achieve low-carbon transformation. For example, on 26 October 2021, China issued the Action Plan for Peaking Carbon Emissions Before 2030, which clearly stated the need to promote the integration of digital, intelligent, green and integrated development. More importantly, government digital attention can not only optimize its own carbon reduction policies, but also help improve the carbon footprint of micro subjects, including the public low-carbon concern and enterprise low-carbon transformation.
Specifically, the application of digital technology in governance helps to improve the government’s access to more economic information (Li and Yue, 2025), strengthen its supervision of enterprise carbon emissions, and achieve low-carbon governance. Government digital attention has diversified social governance channels and opened up channels for expressing public environmental demands (Yuan et al., 2023), enhanced public attention to low-carbon initiatives. Besides, the allocation of enterprise attention is closely linked to government actions. Government digital attention will achieve proactive induction, guiding enterprises to pay attention to the government’s carbon reduction policies, thereby incentivizing enterprises to achieve low-carbon transformation.
Exploring the influencing factors of carbon reduction has always been one of the important fields concerned by the academic. The explanation based on data enabling attributes in the new era has become a very important entry point. More and more scholars have discussed the factors affecting the carbon emissions from the economic development, energy structure, industrial structure, technological progress, population size, green finance, etc. (Rahman et al., 2022; Danish et al., 2019; Zhang et al., 2025). For China during the transition period, the government plays a direct or indirect role in promoting regional sustainable development and carbon emissions (Xian et al., 2025). However, previous studies have not paid attention to how the government’s attention to digital technology affects regional carbon emissions reduction after entering the digital economy era. This paper is based on attention theory and examines the impact mechanism and effect of government digital attention on regional carbon reduction within the tripartite framework of government-public-enterprise.
This paper may have the following two marginal contributions. (1) This paper is based on the background of government governance in the digital economy era, and from the perspective of government digital attention, focuses on exploring the impact of government digital attention on carbon reduction. This may help to gain a more comprehensive understanding of low-carbon governance strategies in the digital economy era and provide more perspectives for studying the key factors affecting low-carbon development. (2) This paper focuses on the three main entities of government, public, and enterprises in low-carbon development, and examines the impact mechanism of government digital attention on carbon reduction from three aspects: government low-carbon governance, public low-carbon attention, and enterprise low-carbon transformation. It examines the promoting role of government attention to digital technology in fulfilling governance responsibilities, authorizing multi-party governance, and optimizing corporate attention allocation. This also helps to gain a more comprehensive understanding of the pathways through which government digital attention affects regional carbon emissions.
The following is arranged as follows: The second part is literature review; The third part is the mechanism analysis; The fourth part is empirical analysis, constructing the econometric model and introducing the data selection as well as variable construction. The fifth part is the analysis and discussion of estimation results. The sixth part is extended analysis; Finally, we summarize the above conclusions and draw policy implications.
2 LITERATURE REVIEW
Government digital attention can be understood as government’s concern about the application of digital technology and the development of digital economy. The academic research on concepts such as government digitization, digital government generally revolves around three aspects: enabling elements, process reengineering, and transformation goals. In terms of enabling elements, the scholars generally agreed that government digitalization takes digital technology as governance means, digital space as governance field, and data itself as governance (Chen and Liu, 2022; Luna-Reyes and Gil-Garcia, 2014; Luca et al., 2021; Hamish et al., 2021). In terms of process reengineering, it can be simply defined as the use of digital technology by government organizations to implement their governance processes. Lee et al. (2016) proposed that digital government should not be limited to breakthroughs at the technical level. More importantly, it should achieve overall governance by integrating institutional functions and reengineering work processes. In terms of transformation goals, digital government should realize digitalization, intelligence and precision of government services (Guo and Lin, 2022), effectively coordinate the relationship between government, market, and society (Mergel et al., 2019), and provide government services to stakeholders of a country.
Existing studies have basically held a positive attitude towards the role of digital government in improving the social governance. Digital government can promote information disclosure (Sohail et al., 2020), citizens’ participation in government affairs and the development of accountability system, which will help transform government functions (Yang et al., 2024), and build a service-oriented government (Han and Zhang, 2024). Government digitalization can ensure a stable, orderly and vibrant society by enabling multiple entities to participate in social governance, thus improving the quality of governance (Xing and Yao, 2022). In addition, many scholars’ research has focused on the impact of digital government, including the technological innovation (Li et al., 2023), manufacturing productivity (Yu et al., 2025), enterprises’ intelligent transformation (Zhang and Zhang, 2025) and digital transformation (Li and Yue, 2025). Currently, there is little research on the impact of government digitization on the natural environment and sustainable development. Castro and Lopes (2022) proposed that digital government is conducive to efficient resource management, so it can help improve the current use of natural resources. Destek et al. (2024) found that digitalization of the public sector can reduce resource rich countries’ dependence on natural resources. Tang et al. (2025) also verified the positive impact of digital government construction on the improvement of enterprise energy efficiency based on empirical research in China, and Jiang et al. (2024) also reached a relatively consistent conclusion in their study.
Carbon dioxide emissions mainly come from the production and consumption behavior of human society. The production and consumption in the reproduction cycle play a decisive role in carbon dioxide emissions. For a long time, China’s industrial development has been mainly driven by the secondary industry, which has not only promoted rapid economic growth but also led to a rapid increase in energy consumption that mainly relies on fossil fuels, resulting in a significant increase in carbon emissions. When per capita GDP exceeds a certain threshold, people’s attention to environmentally sustainable development will prompt them to take measures to reduce carbon dioxide emissions (Wang et al., 2024). However, for China, which is currently in a transitional period, scholars tend to study the main factors affecting carbon emissions from the perspective of government or institutions (Yang et al., 2022). Under the socialist market economy system with Chinese characteristics, the government plays an important role in economy operation. Through the mutual cooperation between various levels of government and the combination of policy tools, it generates important expectations and guidance for the economic behavior of market micro entities, changes their carbon footprint. Some studies believed that China’s fiscal decentralization distorts the incentive mechanisms of local governments, leading to excessive use of fossil fuels for short-term economic performance and resulting in severe carbon emissions (Zhao et al., 2023). However, the results of Cai et al. (2025) shown that fiscal decentralization significantly aids carbon reduction, but stronger environmental regulations have not effectively slowed emission growth, creating a “green paradox.”
In recent years, with the rapid development of the digital economy, some studies have also examined the government digital attention and its impact effects. For example, the study by Zhang et al. (2024) found that government attention to digital technology can promote regional digital economic development; Li and Yue (2025) also found that government digital attention promotes digital economy output efficiency through data openness mechanism and data flow mechanism. However, previous literature still lacks research on the relationship between government digital attention and carbon reduction. In fact, the government attention to the digital economy and digital technology can help promote low-carbon governance, stimulate low-carbon transformation of enterprises, and also influence public low-carbon attention, thereby reducing regional carbon emissions. Neglecting this factor will inevitably hinder the investigation of the main factors of regional carbon emissions, especially for us to explore how the improvement of government governance capacity affects carbon reduction in the digital economy.
3 INFLUENCE MECHANISM ANALYSIS
Attention theory provides a good explanatory framework for examining the impact of government digital attention on carbon dioxide emissions. In government decision-making, the attention of decision-makers is often seen as a scarce resource. The allocation of attention by the government demonstrates the importance placed on specific affairs, guiding the focus of attention of social entities (enterprises, residents). In the era of digital economy, government digital attention reflects the government’s inclusion of digital economy development into the decision-making agenda (such as reflecting digital economy and digital technology in government work reports), emphasizing the use of digital technology to achieve social governance. This not only affects the efficiency of government governance, but also affects production and consumption activities in the economy, such as green economy and carbon dioxide emissions.
The carbon emissions in the real economy mainly come from production and consumption activities, involving three main entities: government, public, and enterprises. On the one hand, as the macro-regulator, various policies promulgated by the government will affect the behavior of micro-subjects and change their carbon footprint. Moreover, as a part of the huge national machine, the carbon emissions generated by the government’s own operation cannot be ignored. On the other hand, public life generates carbon dioxide emissions through transportation and heat consumption, accounting for a relatively large proportion of the total carbon emissions in China. In addition, the energy input of China’s manufacturing enterprises is still mainly concentrated in fossil fuels, which generates a large amount of carbon emissions. Government digital attention will have a certain impact on the government, the public and enterprises. It will promote carbon reduction from three aspects: government low-carbon governance, the public low-carbon concern and enterprise low-carbon transformation, as shown in Figure 1.
[image: Flowchart illustrating the influence of the government on carbon emissions. Arrows show connections between "Government's decarbonization agenda," "Companies," "Concessions for carbon governance," "Public," "Public's low-carbon requests," "Policymakers," and "Proposals for carbon law establishment," all leading to "Carbon emissions." The chart emphasizes a systematic approach to reducing carbon emissions through policy and public engagement.]FIGURE 1 | Impact mechanism framework.
3.1 Government low-carbon governance
Government digital attention can help the government integrate various information resources using digital technology. This helps to better identify green violations, strengthen government green governance, and promote carbon reduction. Specifically, government digital attention will increase the utilization of digital technology and promote the digital transformation of the government itself (Peng et al., 2024). On the one hand, traditional government is often restricted by problems such as small information volume and blurred sources of information. There is a “blind area” of low-carbon governance, resulting in the government’s inability to fully identify social events that violate carbon emissions. The government uses digital technologies such as the Internet to collect and process environmental behavior data of more microeconomic entities, promote information sharing, and provide guarantee for the government to accurately identify carbon emission violations (Bayat and Kawalek, 2023). On the other hand, digital information systems can be used to monitor government workflows and expose corrupt practices, greatly strengthening the hierarchical accountability within the state apparatus (Shim and Eom, 2008); Moreover, in the application of digital technology, the disclosure of government governance information also helps to strengthen the supervision of civil society and media over the government, leading to an increase in external diagonal accountability (Agostino et al., 2021). The strengthening of the accountability system has changed the traditional situation of chaotic and decentralized governance, and effectively implemented environmental protection issues. Effectively controlling the “black box” operation of enterprises, social organizations, and other organizations in the context of excessive carbon emissions also helps the government achieve low-carbon governance.
In addition, as a large national organizational system, the carbon dioxide generated by the operation of the government itself accounts for an indispensable part of carbon emissions. Low carbon governance by the government can effectively guide energy conservation and emission reduction within government departments. More importantly, low-carbon governance by the government can release positive environmental signals, enabling businesses and the public to optimize their own behavior and reduce carbon emissions in production and consumption. Therefore, the following hypothesis is proposed in this paper:
Hypothesis 1. Government digital attention helps to achieve low-carbon governance and promote carbon reduction.
3.2 Public low-carbon concern
Government digital attention can encourage more social entities to participate in social governance, raise public awareness of low-carbon environmental protection, and motivate them to reduce carbon emissions. Due to the single perspective and limited subject of traditional government decision-making, single-center government intervention cannot fundamentally solve externality problems. Many carbon reduction policies do not resonate well in society, resulting in low governance efficiency and slow progress of carbon emission reduction. Government digital attention will strengthen the use of modern information technology and form a structured innovation in digital governance, which can help lower the threshold of public participation in governance, and achieve cooperate working (Xing and Yao, 2022). While ensuring the effectiveness of decision-making, it helps strengthen the public’s awareness of environmental protection and then realize the public’s low-carbon concern. In addition, digital governance is conducive to improving governance transparency and strengthening internal and external accountability. This will motivate the government to shift its focus to providing public services to the public and form a common interest with the public. While the public has environmental rights, it also enhances environmental awareness and forms an inherent driving force for carbon reduction (Zhao et al., 2023). More importantly, as a populous country, the proportion of carbon emissions generated by the public to total emissions continues to rise with the improvement of living standards (Yuan et al., 2024). The public’s concern to low-carbon will effectively control the carbon emissions caused by lifestyle and economic activities, thereby promoting carbon reduction. Therefore, the following hypothesis is proposed in this paper:
Hypothesis 2. Government digital attention can guide public low-carbon concerns, thereby helping to promote carbon reduction.
3.3 Enterprise low-carbon transformation
Government digital attention can optimize the allocation of enterprise attention through “active induction”, promote enterprise innovation and improve production methods, and achieve low-carbon transformation. On the one hand, the measures taken by the government to achieve established social goals are a prominent background for the allocation of corporate attention, as these measures are crucial to the operation of enterprises (Nambisan et al., 2019). Enterprises identify business opportunities by evaluating changes in government policies (Tuggle et al., 2010), and develop targeted development plans accordingly. Government digital attention not only promotes the process of government digital transformation, but also helps to reduce the distance between the government and enterprises, and reduce the difficulty for enterprises to understand policies. When the government releases policies related to environmental protection, enterprises will closely monitor information related to the environment, generating motivation for low-carbon transformation. The government ultimately achieves “initiative guidance” (Wang et al., 2022). On the other hand, if a balance is struck between low-carbon transformation and economic growth, the economic risks of transformation failure will greatly reduce the initiative of enterprises in low-carbon transformation. The government’s focus on digital technology enables the full utilization of data empowerment attributes and unleashes the vitality of the digital economy. By integrating data resources and optimizing government services, the government creates a more fair and high-quality market environment for market entities, which is conducive to attracting external resources (Eklinder-Frick and Åge, 2017). This to some extent reduces the rent-seeking costs of enterprises, enhances their profit margins and levels, and provides financial support for technological innovation (Peng et al., 2024), thereby facilitating the improvement of production models and achieving green transformation. As the main body of market economy, the low-carbon transformation of enterprises represents the transformation of the overall production mode of society, which is crucial for China to achieve carbon peak. Therefore, the following hypothesis is proposed in this paper:
Hypothesis 3. Government digital attention can help promote the low-carbon transformation of enterprises, thereby promoting carbon reduction in cities.
4 EMPIRICAL ANALYSIS
4.1 Econometric model construction
Considering that econometric models can help better identify causal relationships between different variables, this paper constructs a panel data econometric model as shown in Formula 1 with the city’s carbon emissions as the dependent variable and the degree of government digital attention as the independent variable, to empirically examine the impact of government digital attention on carbon reduction. The panel data used is data from 246 cities in China from 2006 to 2018.
[image: Mathematical equation representing a model: \(Carbon_{it}\) equals \(\alpha_0\) plus \( \beta \times Digital\_Government_{it}\) plus \(\gamma_m \times X_{it}\) plus \(\lambda_t + \mu_i + \epsilon_{it}\).]
In Formula 1, i and t represent region and year respectively; Carbon represents the carbon emissions of the city. In this paper, carbon emissions generated by electricity, gas and liquefied petroleum gas, transportation and heat consumption are added together to get the carbon emission amount of the city. [image: It seems like there’s no image attached. Please upload the image or provide a URL for me to assist with the alternate text.] is the constant term; [image: I'm sorry, but I cannot see the image directly. Could you please provide a description or upload the image again? This will help me create appropriate alt text for it.] is the core independent variable, indicating the degree of government digital attention; [image: Please upload the image or provide a link so I can help create the alt text for you.] is the corresponding estimated coefficient, indicating the effect of government digital attention on carbon emissions; X represents the control variables that may affect carbon dioxide emissions. [image: Please upload the image or provide a URL so I can help create the alt text for it. If you have any additional context or a caption, feel free to share that as well.] is the corresponding estimated coefficient. It is worth noting that when using panel data that includes time and region dimensions, it is necessary to consider the impact of unobservable features in time and region on the estimation results. These features may not change over time or region, but are related to the dependent variable. Therefore, the model constructed is a two-way fixed effects model that includes time ([image: Please upload the image or provide a URL so I can create the alt text for you.]) and city (μ), which can effectively control the influence of unobservable factors; and ε is a random error term.
4.2 Index election
4.2.1 Carbon dioxide emissions
In this paper, it is believed that regional carbon emissions include not only carbon emissions generated by direct energy consumption (such as gas and liquefied petroleum gas, etc.), but also carbon emissions generated by transportation, as well as carbon emissions generated by electricity and heat consumption.
	(1) Carbon emissions from direct consumption of energy such as coal gas and liquefied petroleum gas are measured according to the baseline method (carbon emission conversion factor) provided by the IPCC Guidelines for National Greenhouse Gas Inventories’, combined with the scale of energy consumption of prefecture-level cities (data sourced from the China City Statistical Yearbook).
	(2) We use the various energy scales consumed by the transportation sector published in the China Statistical Yearbook to calculate the energy consumption per unit of passenger and freight traffic of different transportation modes. Then we the calculate transportation energy consumption and carbon emission of each city by combining the passenger and freight traffic of various transportation modes in the China City Statistical Yearbook.
	(3) Carbon emissions of each city’s electric energy consumption is equivalent to baseline emission factor of power grid released by six regional power grids in North China, Northeast China, East China, Central China, Northwest China and South China over the past years multiplied by the city’s electric energy consumption.
	(4) Carbon emissions from urban heat energy consumption are mainly generated by the raw coal consumed in the heating process of the boiler room. The minimum standard of thermal efficiency of coal-fired industrial boilers stipulated in GB/T152317-2009 Energy-saving Monitoring of Coal-fired Industrial Boilers is between 65% and 78%. In addition, since China’s current central heating boilers are mainly small and medium-sized coal-fired boilers, the thermal efficiency value of 70% is used to calculate. The average low calorific value of raw coal is 20,908 kJ/kg. The amount of raw coal needed can be calculated by using heat supply, thermal efficiency and heat coefficient of raw coal. Then converting raw coal into standard coal coefficient (0.7143 kg of standard coal/per kg), the amount of energy consumed by central heating can be calculated. Finally, according to the IPCC method, the carbon emission coefficient per kilogram of coal is 2.53 kg CO2/kg, and the carbon emissions generated by central heating in various cities are calculated using the amount of raw coal consumed for heat energy.

On this basis, this paper sums up the above four types of carbon dioxide emissions, and obtains the carbon dioxide emissions of each city. Figure 2 depicts the temporal trend of CO2 emissions at the city level in China from 2006 to 2018. It can be observed that during the study period, China’s CO2 emissions still showed a certain increasing trend. However, after 2012, this growth trend stopped and China’s carbon dioxide emissions entered a stable stage, indicating that the corresponding carbon emission control policies have achieved positive results.
[image: Bar chart showing CO2 emissions from 2005 to 2015 in thousands. Emissions rise from 3,821,596 in 2005 to 5,303,439 in 2013, stabilizing at approximately 5,240,000 in 2014 and 2015.]FIGURE 2 | China’s carbon dioxide emissions (unit: ton).
4.2.2 Government digital attention
This paper mainly adopts the method of text mining to quantify the text information in the government work report, so as to measure the government digital attention. In China, the work report of a local government is an important document that reflects its work priorities and focus of attention, and is one of the most authoritative guidelines for the work of local governments. Based on the availability of data, we obtained the terms of digital application concern and digital technology concern from the government work reports of 246 cities in China from 2006 to 2018. The initial text data are sourced from government portal websites of every city.
On the whole, government digital attention is reflected in the degree to which the government pays attention to and uses digital technology in governing economic activities. The keywords related to digital technology in the government work report include B2B, B2C, C2B, O2O, NFC payment, industrial digitalization, third-party payment, industrial Internet, Internet finance, Internet medical care, financial technology, open banking, quantitative finance, rural big data cloud platform, rural big data, data center, digital service system, digital supply chain, digital finance, digital economy, digital agriculture, digital RMB, Internet of things, online entertainment, unmanned farming, unmanned cars, unmanned retail, unmanned agriculture, unmanned banking, information industry, mobile Internet, mobile payment, government service platform, government application system, smart city, smart agriculture, smart village, smart medical care, smart pension, smart storage, smart wear, smart grid, smart supply chain, intelligent environmental protection, intelligent computing, intelligent home, intelligent transportation, intelligent customer service, intelligent energy, autonomous driving, etc.
We used computer crawling technology to crawl these keywords in the government work report, and added them up by city and year to obtain the total frequency of government digital attention. Then, we compared it with the total frequency of words in the government work report to obtain the index of local government digital attention. Figure 3 depicts the level of digital attention of Chinese prefecture level municipal governments from 2006 to 2018. It can be observed that during the inspection period, the government continuously strengthened its focus on digital technology and digital economy.
[image: Line graph depicting the annual attendance from 2006 to 2018. Attendance starts around 5,400 and fluctuates over the years, peaking around 2015 at over 5,900, before stabilizing near 5,800 in 2018.]FIGURE 3 | Digital attention of governments.
4.2.3 Control variable
To further improve the accuracy of the estimates, we also controlled some other factors that may affect regional carbon emissions, including: (1) regional economic development (Economy). The measurement indicator used is the per capita income level of the city, which is the ratio of the city’s gross domestic product to the total population. (2) The opening of the city (Open). The measurement index adopted is the actual amount of foreign capital utilized by cities during the investigation period. (3) Urban Innovation (Patent). We mainly use the number of city patent applications granted to measure it. (4) Industrial structure (Second_rate). We use the proportion of the total output value of the city’s secondary industry to GDP to measure the urban industrial structure. (5) Fiscal decentralization (Fiscal). Based on the perspective of fiscal revenue decentralization, the per capita local fiscal revenue/(per capita local fiscal revenue + per capita central fiscal revenue) at the provincial level is used to measure fiscal decentralization. (6) Educational development (Education). We use the number of college and undergraduate students in each city to measure it. (7) Environmental governance (Governance). We choose the industrial pollution control investment of each city as a measure of the degree of environmental regulation. (8) Internet development (Internet). This paper selects the number of Internet broadband access users in each prefecture-level city to measure the level of Internet development. The data for the control variables mentioned above are all sourced from the China City Statistical Yearbook. Table 1 reports descriptive statistical results for the above variables.
TABLE 1 | Descriptive statistics of variables.
[image: Table displaying variables related to governance, carbon, economy, openness, patents, second_rate, fiscal matters, education, governance, and internet with corresponding observations, means, standard deviations, minimums, and maximums. Values are logarithmically processed except for proportional variables.]4.3 Analysis and discussion of estimated results
4.3.1 Estimated results of the benchmark regression model
We estimated the econometric model shown in Formula 1 using Stata 17 software, and the estimation results were obtained as shown in columns (1) - (6) of Table 2. Column (1) shows the results without control variables and fixed effects, the Column (2) shows the results without control variables and with time fixed effects, and the Column (3) shows the results without control variables and with city and time fixed effects; the Column (4) shows the results with control variables but without any fixed effects; Column (5) shows the results with control variables and time fixed effects; Column (6) shows the results after adding control variables and fixed effects of time and city. According to the estimated results shown in column (6), the influence coefficient of the government digital attention on carbon emissions is significantly negative, indicating that the government’s attention on the digital technology is conducive to promoting carbon dioxide emission reduction, which is consistent with the expectation.
TABLE 2 | Results of baseline regression model.
[image: Regression table with six models showing coefficients and t-values for variables such as Digital_Governance, Economy, Open, Patent, Second_rate, Fiscal, Education, Governance, and Internet. Observations range from 2,911 to 2,920. Some models have city or time fixed effects. R-squared values range from 0.0077 to 0.9475. A note highlights significance levels with asterisks and t-values in parentheses.]4.3.2 Endogeneity tests
4.3.2.1 Instrumental variable method
To avoid endogeneity estimation bias caused by potential causal relationships, we used instrumental variable method to estimate the model shown in Formula 1. We subtract the average government digital attention index of all cities within the same province from the government digital attention index of city i for year t, and take the third power of the difference as the instrumental variable for the degree of government digital attention. The advantage of this method is that it can utilize the information contained in the heteroscedasticity of errors without relying on external variables. Columns (1) and (2) in Table 3 represent the estimated results for the first and second stage respectively. It can be found that the Cragg-Donald Wald F Statistic is 3052.26, which is larger than the critical value of 10% bias in Stock-Yogo weak ID test, so the null hypothesis that the instrumental variable is a weak instrumental variable is rejected. In addition, the estimation coefficient of instrumental variables in the first stage is significant at the 1%, and it can be judged that there is no weak instrumental variable problem. In the results of the second stage shown in column (2), the effect of government digital attention on carbon dioxide emissions is still significantly negative, which is also consistent with the results of the benchmark regression above.
TABLE 3 | Results of endogeneity tests.
[image: Table displaying statistical results with three models labeled (1), (2), and (3). Each model includes coefficients for constants, Digital_Governance, and IVaverage3 with significance levels. Control variables are present in all models. Observations count is 2,730 for models (1) and (2), and 2,911 for model (3). City, time, and city-time joint fixed effects vary. R-square values are 0.6673 for model (2) and 0.9476 for model (3). The Cragg-Donald Wald F statistic is 3052.26.]4.3.2.2 Controlling the joint fixed effect
The fixed effects on time and region were added to the benchmark regression model to control for the influence of unobservable features at the time and region levels. However, some important factors may still be missed, which will lead to the endogenous bias of the estimation results. Here, we will further control for the time-region joint fixed effects to reduce the interference of unobservable features that vary simultaneously with time and region on the estimation results. The estimated results considering the joint fixed effect are shown in column (3) of Table 3. The results also show that the effect of government digital attention on carbon dioxide emissions is significantly negative.
4.3.3 Robustness tests
4.3.3.1 Replacing the measurement method of carbon dioxide
To verify the robustness of the benchmark regression model, we use the following two methods to replace the dependent variable in Formula 1. On the one hand, selecting the carbon dioxide emissions per unit of GDP and per capita carbon dioxide emissions per unit of GDP as alternative indicators to exclude the influence of economic aggregate. The estimated results are shown in columns (1) and (2) of Table 4; On the other hand, we selected the carbon dioxide emission data observed by the satellite as an alternative index, and the estimated results are shown in column (3) of Table 4. It can be seen from the estimated results that no matter what measurement index is used, the coefficients are significantly negative, and our estimation results have good robustness.
TABLE 4 | Robustness test results.
[image: Regression analysis table showing coefficients for six models. Constant values range from 0.1016 to 15.7869, with Digital_Governance coefficients between -0.0003 and -0.0258. Control variables and fixed effects are used. Observations range from 1,573 to 2,911, with R-square values from 0.7332 to 0.9944.]4.3.3.2 Replacing the measurement method of government digital attention
Here, National Pulse Network Government Index is selected as an alternative indicator to measure the degree of government digital attention. The estimated results are shown in column (4) of Table 4. It can be seen that the new digital government index has a significant negative impact on carbon dioxide emissions.
4.3.3.3 Using clustering robust standard error
Considering that our panel data may have structural features at the same city or province level, we used robust standard errors for city and province clustering in estimating the econometric model of Formula 1 to improve the robustness and accuracy of the estimation results. The estimated results are shown in columns (5) and (6) of Table 4. We can observe that the influence coefficient of government digital attention degree on carbon dioxide emissions is still significantly negative, and our estimation results are robust.
4.4 Impact mechanism tests
This paper has pointed out that the influence path of government digital attention on carbon dioxide emission mainly includes three aspects: government digital attention may boost government low-carbon governance, enhance the public’s low-carbon attention, and promote enterprise low-carbon transformation. Here, we will continue to use econometric models to empirically test these potential impact mechanisms. Specifically, we used a two-step mediation effect model. That is, on the basis of Formula 1, we further constructed an econometric model as shown in Formula 2:
[image: Equation illustrating a mechanism model: Mechanism subscript i t equals alpha subscript 0 plus beta times Digital Government subscript i t plus gamma subscript m X subscript i t plus lambda subscript t plus mu subscript i plus epsilon subscript i t. Numbered as equation (2).]
In Formula 2, Mechanism represents mechanism variables (including government low-carbon governance, public low-carbon attention, and enterprise low-carbon transformation). The meanings of other variables are consistent with Formula 1. In terms of the mechanism variables, firstly, we selected the number of environmental protection administrative punishment cases in each city to measure the government’s low-carbon governance. The estimated results of government digital attention degree on government’s low-carbon governance are shown in column (1) of Table 5. Secondly, in terms of public concern about low carbon, we used low carbon and carbon dioxide as keywords to calculate the Baidu Index from 2011 to 2018 as indicator3. The estimated results of government digital attention on public low-carbon concern are shown in columns (2) and (3) of Table 5; Thirdly, for low-carbon transformation of enterprises, considering the availability of data at the city level, we converted the total gas consumption, liquefied petroleum gas consumption and electricity consumption of the whole society into coal volume and sum it up. We then calculated the ratio of coal consumption and added value of the secondary industry in China, and chose this index to measure the enterprises’ low-carbon transformation. The smaller the index is, the better the low-carbon transformation effect of the enterprise is. The estimated results are shown in column (4) of Table 5.
TABLE 5 | Test results of impact mechanism.
[image: Table displaying regression results across four models. Each model includes a constant, a Digital_Governance variable, control variables, observations, city and time fixed effects, and R-square values. Model (1): Constant -7.0134, Digital_Governance 0.1185, 2,911 observations, R-square 0.5049. Model (2): Constant 2.0586, Digital_Governance 0.1460, 1,826 observations, R-square 0.6729. Model (3): Constant 2.0027, Digital_Governance 0.2829, 1,826 observations, R-square 0.5948. Model (4): Constant 1.9784, Digital_Governance -0.0260, 2,911 observations, R-square 0.9399. All models have "Yes" for control variables, city, and time fixed effects. Significance levels are denoted by asterisks.]It can be seen from the estimated results that government digital attention has a significant positive impact on government’s low-carbon governance, indicating that the higher the government digital attention, the better its low-carbon governance performance. It is consistent with the statement of Hypothesis 1. According to the results in column (2) and (3), government digital attention has a significant positive impact on public’s low-carbon concern. Government digital attention can enable multiple subjects to participate in governance and transmit positive signals to strengthen the public’s awareness of carbon emission reduction, which is consistent with Hypothesis 2. Moreover, the results in column (4) show that government digital attention has a negative impact on the coal consumption of enterprises, the higher the government’s digital attention, the lower the proportion of coal consumption of enterprises. Government digital attention can promote the low-carbon transformation of enterprises, this also confirms the Hypothesis 3.
4.5 Extended analysis
4.5.1 Heterogeneity of carbon dioxide emission sources
In fact, all aspects of social production and life will produce a certain amount of carbon dioxide emissions, which is also reflected in the measurement method of carbon dioxide in this paper. On the one hand, due to the high cost of clean energy, fossil fuels such as coal gas, natural gas, and liquefied petroleum gas remain the main fuels for industrial production today. This has led to high carbon dioxide emissions from transportation and coal-fired power generation, making it an important area for low-carbon governance in China. The government will actively increase its attention and use of digital technology, strengthen low-carbon governance and public concern in these fields, so as to effectively reduce carbon dioxide emissions in these areas. On the other hand, for the carbon dioxide generated by urban heat energy, these mainly come from the energy consumption generated by the heating of small boiler rooms in the city in order to meet people’s daily life. In China, these thermal energy supplies that are closely related to people’s lives cannot be reduced in the short term. Government digital attention may not be able to have a direct impact on carbon dioxide in these areas.
In this paper, carbon dioxide emissions are divided into three aspects: carbon dioxide from direct energy consumption and transportation, carbon dioxide from electric energy consumption and carbon dioxide from heat consumption. The impact of government digital attention on them are estimated respectively, so as to identify the heterogeneity. The estimated results are shown in columns (1), (2) and (3) of Table 6.
TABLE 6 | Heterogeneity results of carbon dioxide emissions sources.
[image: A regression table with three columns labeled (1), (2), and (3). Each column shows values for "Constant", "Digital_Governance", control variables, observations, city and time fixed effects, and R-square. Constants are 1.1281, 5.6224, and 6.1605 with respective significance levels indicated by asterisks. "Digital_Governance" coefficients are negative for (1) and (2), but positive for (3). All models have 2,911 observations, and include control, city, and time fixed effects. R-square values are 0.9274, 0.9358, and 0.9407.]As can be seen from the estimated results, government digital attention has significant negative effects on carbon dioxide from direct energy consumption and transportation, and electric energy consumption. It indicates that carbon dioxide generated by direct energy consumption and transportation, and electric energy consumption are important areas of governance. According to the estimated results shown in column (3), the estimated coefficient between government digital attention and carbon dioxide from heat consumption is still not significant at the 10%, indicating that government digital attention cannot have a direct effect on carbon dioxide from heat consumption in the short term. The results are consistent with our expectations.
4.5.2 Impact of the marketization
The degree of marketization determines the regional resource allocation efficiency to a large extent, which may have an impact on carbon emission reduction effect of government digital attention. Especially for China, which is in the period of economic transformation, if the government controls too many resources and excessively intervenes in the behavior of market players, market competition cannot be played. This will not only cause the government to lose the impetus for digital transformation, but also lead to many high-pollution, high-energy-consuming enterprises unable to withdraw from the market. This then will certainly reduce the impact of government digital attention on carbon dioxide reduction.
Based on this, this paper will identify the impact of government digital attention on carbon dioxide emission reduction under different marketization degrees. We used the index of the degree of marketization (Market) of China’s provinces, and divided the samples into high degree of marketization and low degree of marketization according to the median, so as to investigate the impact of government digital attention on carbon dioxide emission reduction in different samples respectively. The final results are shown in columns (1) and (2) of Table 7. Moreover, we also adopted the method in the form of interaction terms to incorporate the interaction terms of government digital attention and marketization degree index into the model. The estimated results are shown in column (3).
TABLE 7 | Results of considering the regional marketization.
[image: Regression table with three models labeled (1), (2), and (3). It includes coefficients for constant, Digital_Governance, and Digital_Governance × Market, control variables, observations, city and time fixed effects, and R-square values. Constants range from 4.4879 to 6.3231. Digital_Governance coefficients range from -0.0101 to -0.1400, and Digital_Governance × Market appears only in model (3). Observations range from 1,293 to 2,911. R-square values are approximately 0.9475 to 0.9665.]As can be seen from Table 7, in areas with a high degree of marketization, government digital attention has a significant negative effect on carbon dioxide emissions. While in areas with a low degree of marketization, the impact of government digital attention is not significant. The degree of marketization does indeed affect the carbon reduction effect of government digital attention. According to the results shown in column (3), the estimated coefficient of the interaction term is significantly negative, indicating that the degree of marketization can positively regulate the government digital attention and carbon dioxide emission reduction.
4.5.3 The impact of regional heterogeneity
Due to the comprehensive influence of historical factors, geographical environment and policy factors, China’s regional economic and social development presents a typical spatial gradient pattern. There are significant spatial differences in economic development level and governance capacity in eastern, central and western regions. On the one hand, the difference in economic development often determines the difference in the decision-making orientation of local governments. The development of digital economy in the eastern region is relatively high, and the government attaches more importance to the application of digital technology. The government is more willing and capable of using digital technology for governance. On the other hand, the eastern region has a dense population distribution and a huge manufacturing volume, facing more serious carbon emission problems. Hence, their urgency of low-carbon transition is relatively high. We believe that government digital attention may have a significant impact on carbon emission reduction in the eastern region, but not in the central and western regions.
We identified regional heterogeneity by separately estimating the impact of government digital attention on carbon dioxide emissions reduction in the eastern, central, and western regions. The results are shown in Table 8, where columns (1), (2) and (3) represent the estimated results for the eastern, central and western regions respectively.
TABLE 8 | Results of regional heterogeneity.
[image: Table showing regression results across three models labeled (1), (2), and (3). Each model includes a constant term with coefficients 4.0729, 6.5136, and 4.5831, respectively. The Digital_Governance variable coefficients are -0.0864, -0.0027, and -0.0138. All models have control variables, and city and time fixed effects. Observations total 961, 1,179, and 771, with R-square values of 0.9559, 0.9507, and 0.9232.]As for the estimation results of spatial heterogeneity shown in Table 8, government digital attention has a significant positive impact on carbon dioxide emission reduction in the eastern region, while the effect in the central and western regions are not significant. It verifies the existence of spatial heterogeneity of carbon dioxide emission reduction influenced by government digital attention, which is consistent with our expectation.
5 CONCLUSION AND POLICY IMPLICATIONS
This paper is based on attention theory and examines the impact of government digital attention on regional carbon reduction within the framework of government-public-enterprise. The following conclusions have been drawn: (1) During the study period, government digital attention has a significant negative impact on carbon dioxide emissions, indicating that the government attention to digital technology can further promote carbon dioxide emission reduction in the region. (2) Results of the impact mechanism test show that government digital attention can improve the government’s low-carbon governance, strengthen the public’s low-carbon attention, and encourage enterprises’ low-carbon transformation. (3) Government digital attention has a significant negative effect on carbon dioxide from direct energy consumption, and transportation, electric energy consumption, but has no significant effect on the carbon dioxide from heat energy consumption. The degree of marketization helps to strengthen the carbon reduction effect of government digital attention. The effect of government digital attention on carbon dioxide emissions in the eastern region is significantly negative, while the effect in the central and western regions are not significant.
The policy implications of this research conclusion are as follows: (1) The government should accelerate the popularization of digital technologies such as the Internet of things, cloud computing, and big data, increase attention to digital technologies, promote government digital transformation, and enhance the digital governance capabilities. That is, the government should pay more attention to digital technology in the future work. They should give full play to the functions of the Internet of things, sensors and other public data collection, establish governance databases and data cockpits, providing guarantees for integrating data resources and accurately identifying carbon violations. In addition, the construction of digital government should be accelerated. On the one hand, by providing the public with more convenient and information-based services, the public can improve their trust in government decision-making and participation in joint decision-making, so as to lay the foundation for the public’s low-carbon concern. On the other hand, we can improve the digital economy policy and optimize the business environment, so as to stimulate the motivation of enterprises’ low-carbon transformation. (2) It is necessary to further dredge the transmission channels of government’s digital attention to promote carbon dioxide emission reduction through government low-carbon governance, public low-carbon attention and enterprise low-carbon transformation. Specifically, government can establish a digital file management system, promote digital examination and approval system, establish a digital assessment and evaluation platform. Government can also establish digital platforms so that the public can participate in government decision-making anytime and anywhere. Through data opening and sharing, the public can understand the work of the government. (3) Government can disclose relevant ecological civilization information to enterprises, such as environmental monitoring data, environmental protection policies, environmental impact assessment reports, etc. At the same time, government can strengthen digital publicity and education, conveying government intentions and policy connotations to enterprises through digital media. It will help guide enterprises to allocate attention to ecological civilization, and improve their responsibility awareness in ecological civilization.
This article has made many attempts and extensions to the research on the carbon reduction effect of government digital attention, but it cannot be denied that there are also certain shortcomings. The government’s digital attention reflects its emphasis on the development of the digital economy and the use of digital technology in decision-making, which is both a broad concept and highly subjective. This article mainly extracts the frequency of words related to digital technology from government work reports to identify the government’s digital concerns. Although this has good applicability in China, it still cannot reflect all the content of the government’s digital concerns, such as the actual adoption and investment of digital technology by the government, which may also have an impact on carbon reduction in the economy. In the future, we will continue to expand our research on the connotation of government digital attention, in order to have a more comprehensive understanding of the new models and impact effects of government governance in the digital economy era.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
RH: Formal Analysis, Funding acquisition, Investigation, Writing–review and editing. KS: Conceptualization, Data curation, Methodology, Funding acquisition, Writing–original draft.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This work was funded by the Jiangsu University Philosophy and Social Science Research Project “Research on the Relationship between the Evolution of Independent Innovation Capability and Risk Perception in High tech Enterprises” (Project Number: 2023SJYB0662) and the Youth Fund Project of the Humanities and Social Sciences Research Project of the Ministry of Education “Research on the Mechanism of Coordinated Guidance of Green Finance Policies on the Low Carbon Transformation of Manufacturing Industry between Supply and Demand” (Project Number: 23YJC790113), Jiangsu Provincial Social Science Fund Youth Project “Research on the Path of Empowering Jiangsu’s’ Specialized, Refined, Unique and New ’Enterprises with Digital Intelligence Integration to Enhance Resilience” (Project Number: 23EYC023).
GENERATIVE AI STATEMENT
The author(s) declare that no Generative AI was used in the creation of this manuscript.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
FOOTNOTES
1Originating from the speech of Chinese President Xi Jinping at the 75th General Debate of the United Nations General Assembly on 20 September 2020.
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3Baidu index was officially released in 2011. We lack the data from 2006 to 2010 here.
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Introduction: In the era of the booming digital economy and global efforts to reduce carbon emissions, this study investigates how digital economy growth impacts indirect household carbon emissions (IHCEs). Understanding this relationship is critical, as the digital economy has the potential to both drive and mitigate carbon emissions, depending on its stage of development and regional context.Methods: Using panel data from the 2014–2018 China Family Panel Studies (CFPS), a fixed effects model is applied to analyze the relationship between digital economy growth and IHCEs. The study examines regional variations, levels of digital economy development, and consumption categories to identify heterogeneous effects.Results: The findings reveal an inverted U-shaped relationship between the digital economy and IHCEs. Initially, IHCEs rise due to increased consumption of energy-intensive products, but as digital technologies mature, emissions decline due to improved efficiency and sustainable consumption. Heterogeneity analysis shows that the inverted U-shaped relationship is more pronounced in less developed digital economy regions, while in advanced regions, the relationship is less significant. Regionally, the eastern region, with its advanced infrastructure and green technologies, effectively curbs IHCEs, whereas the central region experiences increased emissions, and the western region exhibits the inverted U-shaped pattern. In terms of consumption, the digital economy significantly impacts housing and food-related emissions, while other categories show mixed or minor effects.Discussion: These findings highlight the dual role of the digital economy in both driving and mitigating carbon emissions. Policymakers should adopt region-specific strategies, invest in digital infrastructure, and promote sustainable consumption practices to leverage the digital economy for carbon reduction. The study underscores the importance of managing expectations and addressing discrepancies between digital economy growth and its environmental impacts, offering valuable insights for achieving sustainable development goals.Keywords: digital economy, household carbon emissions, consumption carbon emissions, inverted U-shape, carbon mitigation
1 INTRODUCTION
Consumer consumption activities play a major role in global warming, responsible for nearly 70% of the greenhouse gases emitted from household use (Ma et al., 2022). In several Western countries, household carbon emissions account for 70%–80% of total emissions across all sectors (Hertwich and Peters, 2009; Baiocchi et al., 2010), while in China, residential consumption contributes to over 50% of total carbon emissions. Therefore, understanding and mitigating carbon emissions from household consumption is critical for achieving global emission reduction targets and ensuring sustainable development. Given the rapid economic growth and rising living standards, household carbon emissions in China are expected to continue increasing, highlighting the urgency of addressing this issue. (Sharif et al., 2019).
China’s digital economy has experienced rapid growth, reaching a valuation of 53.9 trillion yuan in 2023—a 3.7 trillion yuan increase from the previous year—and accounting for over 42.8% of the national GDP, according to the 2024 Development Report on China’s Digital Economy by the China Academy of Information and Communication Technology. This expansion has not only lowered the costs of economic activities and improved operational efficiency but also significantly reshaped the landscape of production, distribution, and consumption across the national economy (Goldfarb and Tucker, 2019).
However, the impact of the digital economy on household carbon emissions remains complex and dual-faceted. On one hand, it enhances consumer choice by offering extensive information and unparalleled convenience, which can lead to a comparative mindset, impulsive purchases (Ding et al., 2022; Luo et al., 2022), greater household waste (Frick and Matthies, 2020), and increased overall consumption—factors that ultimately drive production activities and elevate carbon emissions (Wiedmann et al., 2020). On the other hand, it also stimulates green technological innovations, broadens the range of available low-carbon products, optimizes the supply structure, and promotes eco-friendly household consumption, thereby supporting a transition to more sustainable practices (Sarfraz et al., 2022). Furthermore, the digital economy has the potential to significantly lower household carbon emissions by encouraging low-carbon consumption behaviors (Gong et al., 2020; Kim et al., 2020; Li et al., 2021b). Therefore, the digital economy functions as a double-edged sword, with the capacity to both increase and decrease carbon emissions.
Despite the broader discussions around the digital economy’s influence on carbon emissions, its specific effects on household consumption-related emissions are underexplored. Most existing research has either focused on the detrimental or beneficial aspects of the digital economy, but a comprehensive analysis of its dual impact on household carbon emissions remains lacking. This study seeks to fill this gap by examining the relationship between the digital economy and household carbon emissions, focusing on household-level consumption and its underlying mechanisms. Using the entropy weight method to measure the progress of the digital economy and leveraging household tracking survey data, we employ an econometric model to identify the key factors driving increases or decreases in household carbon emissions.
The marginal contributions of this study in the field of the relationship between the digital economy and household carbon emissions are reflected in the following aspects: First, from a theoretical perspective, this study provides an in-depth analysis of the dual impact of the digital economy on household carbon emissions, revealing the dynamic change process and the transmission path of household consumption. This analysis fills the gap in the existing literature, enriches the relevant theoretical framework, and lays a solid foundation for future research. Second, from a methodological standpoint, this study constructs a scientific econometric model, using households as the unit of analysis, to systematically capture the nonlinear relationship between the digital economy and household carbon emissions from the consumption side. This methodological innovation offers a new perspective and paradigm for research in this field, significantly enhancing the reliability and scientific rigor of the study. Finally, from a practical perspective, this study provides policymakers with targeted decision-making support, helping to formulate regional and sectoral policies that promote the synergistic development of the digital economy and the “dual carbon” goals. It also offers market insights for businesses and social organizations, guiding enterprises to adjust strategies, develop low-carbon products, and encouraging social organizations to actively engage in the transformation toward sustainable consumption, thus promoting coordinated economic and environmental development.
The structure of this paper is organized as follows: Section 2 provides a review of the existing literature, while Section 3 outlines the theoretical framework and research hypotheses. Section 4 describes the empirical research design in detail. In Section 5, we present the findings on the impact of the digital economy on IHCEs, with an exploration of heterogeneity across different dimensions. Finally, Section 6 summarizes the research and offers key recommendations and conclusions. The study framework is depicted in Figure 1.
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2 LITERATURE REVIEW
This study examines the existing literature on the methodologies used to calculate carbon emissions from household consumption, explores the factors that influence these emissions, and analyzes the role of the digital economy in shaping emission patterns.
To accurately assess carbon emissions associated with household consumption, a precise and reliable calculation methodology is essential. The consensus in the literature identifies household consumption emissions as comprising two primary components: direct household carbon emissions (DHCEs), which result from a household’s direct energy use, and indirect household carbon emissions (IHCEs), which stem from the consumption of non-energy goods and services, including their production and processing stages (Ivanova et al., 2016). Evidence consistently suggests that IHCEs exceed DHCEs in magnitude and can be measured with relative ease (Yin et al., 2020). The commonly employed methods for calculating IHCEs include the emission coefficient method (Eggleston et al., 2006), input-output models (Song et al., 2019; Zhang et al., 2020; Guo et al., 2022), the consumer lifestyle approach (Bin and Dowlatabadi, 2005; Wei et al., 2007; Feng et al., 2011; Xu et al., 2016), and life cycle assessment (Heinonen and Junnila, 2011; Shirley et al., 2012; Kim et al., 2019). These methodologies provide a robust foundation for quantifying household consumption emissions and are instrumental in understanding the drivers and implications of such emissions in various contexts.
Household carbon emissions are shaped by various factors that influence consumption behaviors. Among these, education plays a significant yet complex role. While higher education levels can improve energy awareness and encourage environmentally conscious behaviors, thereby reducing emissions (Brand et al., 2013; Cao et al., 2019), other studies suggest that education may elevate aspirations for a better quality of life, leading to greater reliance on modern energy sources and increased emissions (Büchs and Schnepf, 2013; Liu et al., 2013). Similarly, geographical differences significantly affect emissions, with urban households generally exhibiting distinct patterns compared to their rural counterparts (Wang et al., 2021). For example, in China, smaller household sizes are associated with higher per capita carbon emissions, with IHCEs being more strongly affected than DHCEs (Zhang et al., 2023). Demographic factors such as an aging population are also noteworthy, as studies link the rising proportion of elderly individuals to an increase in overall household emissions (Fan et al., 2021; Zheng et al., 2022). Furthermore, access to credit influences consumption patterns and emissions, with the most pronounced effects observed in higher income groups that leverage long-term secured credit to increase their consumption (Xu and Han, 2017). Finally, income and wealth are crucial determinants, as wealthier households and regions typically exhibit higher consumption levels, resulting in a positive correlation between income and carbon emissions (Mi et al., 2020).
The relationship between the digital economy and carbon emissions is inherently complex, reflecting both mitigating and exacerbating effects. On one hand, numerous studies argue that the digital economy fosters low-carbon development by improving resource efficiency, facilitating the adoption of green technologies, and enabling more sustainable consumption practices (Bieser and Hilty, 2018; Zhang et al., 2022). On the other hand, some research indicates that the digital economy exacerbates emissions by promoting higher consumption levels and expanding carbon footprints through digital finance and mobile payments (Li et al., 2021a; Wang et al., 2022). Recent studies also suggest that the digital economy may exhibit an inverted U-shaped relationship with emissions, where initial stages of growth lead to increased emissions, but advanced stages contribute to emission reductions (Li and Wang, 2022; Lei et al., 2023; Yin X et al., 2023; Hou et al., 2024). However, conflicting evidence exists, with some studies finding no discernible effect of the digital economy on carbon emissions (Jin and Yu, 2022).
While existing research has predominantly focused on indirect aspects of the digital economy, such as internet usage, digital finance, and mobile payments, its direct effects on household consumption emissions remain underexplored. Emerging evidence highlights both the potential of digital technologies to mitigate emissions and the risks of exacerbating them. For example, Du et al. (2024) demonstrate that while digital economy growth may increase direct emissions, it simultaneously reduces IHCEs. Similarly, Yin Z et al. (2023) find that mobile payments significantly reduce household consumption emissions, although the effects vary across different emission types. Digital technologies also facilitate the decarbonization of consumer preferences by fostering environmental awareness and promoting innovations in green products (Zhang and Wei 2023). However, the emission-increasing effects of digital advancements should not be overlooked. Mobile payment systems, for instance, encourage higher spending and consumption, which can expand household carbon footprints (Li et al., 2024). Additionally, while digital finance promotes eco-friendly purchasing habits, it often leads to higher overall emissions by augmenting income and expenditure, particularly through its effects on employment and consumption in China (Pu and Fei, 2022; Qin et al., 2022; Feng et al., 2023).
Despite significant progress in understanding the measurement and determinants of household consumption emissions, critical gaps persist regarding the impact of the digital economy on IHCEs. Existing studies primarily focus on either its mitigating or exacerbating effects, offering limited empirical evidence for the existence of an inverted U-shaped relationship between the digital economy and household emissions. Furthermore, the heterogeneity of this relationship across different contexts, including geographical regions and income groups, remains underexplored.
This study seeks to address these gaps by analyzing the dual effects of digital economy development on household carbon emissions, encompassing both its potential to reduce and increase emissions. It aims to elucidate the inverted U-shaped relationship between digital economy growth and IHCEs, quantify the inflection point of this relationship, and explore its variability across different contexts. These findings are expected to contribute to the “dual-carbon” objectives by providing actionable insights into how the digital economy can advance sustainable development. By employing innovative methodologies and offering novel perspectives, this study enriches the theoretical framework on the interplay between carbon emissions and the digital economy, providing valuable guidance for both researchers and policymakers.
3 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESES
3.1 The dual impact mechanism of the digital economy on household carbon emissions
The expansion of the digital economy presents a complex duality, with the potential to both exacerbate and mitigate indirect household carbon emissions (IHCEs). On the one hand, the digital economy has significantly increased the flexibility of household consumption patterns. Consumers now have more convenient access to abundant product information, enabling them to fulfill their consumption desires with greater precision. As the digital economy continues to expand, the explosive growth of information exposes consumers to a wider range of choices. However, this phenomenon often triggers a comparison mentality, which increases impulsive purchasing behavior and ultimately leads to a rise in IHCEs. Additionally, the increasing popularity of digital financial products has enhanced household liquidity, encouraging higher household expenditures and thereby driving up carbon emissions.
On the other hand, the digital economy is also expected to improve resource utilization efficiency and promote green consumption, thus contributing to a reduction in IHCEs. For example, the rise of the sharing economy has optimized the use of idle resources, effectively reducing waste in the production process. The widespread adoption of shared bicycles has transformed commuting habits, reducing reliance on traditional high-carbon transportation methods and lowering carbon emissions. Moreover, the internet economy has reshaped consumers’ perceptions of sustainability. Online platforms that encourage virtual low-carbon behaviors have helped raise individual awareness of environmental impacts, thereby fostering low-carbon lifestyles and strengthening green consumption practices. For instance, Alipay’s “Ant Forest” initiative incentivizes users to engage in environmentally friendly consumption habits. These examples illustrate the dual impact of the digital economy on IHCEs and provide a deeper understanding of the relationship between the digital economy and carbon emissions.
3.2 The dynamic relationship between digital economy development and household carbon emissions and hypothesis
During the initial stages of digital economy development, several factors contribute to increased household consumption and rising IHCEs. The rapid growth of online shopping and the widespread adoption of digital payment methods have provided consumers with unprecedented convenience and access to a vast array of product choices. Simultaneously, improved liquidity has further stimulated consumption expenditures. These factors collectively drive an increase in total household consumption, which inevitably leads to higher IHCEs. Furthermore, the rapid dissemination and abundance of information in the digital economy can result in overconsumption, further exacerbating the carbon emissions problem.
However, as the digital economy matures, its impact on IHCEs may evolve. The development of sharing economy models, emphasizing resource sharing and optimal utilization, effectively reduces resource waste and associated emissions. Additionally, the internet economy raises environmental awareness among consumers, encouraging them to choose eco-friendly products. These changes may result in a gradual decline in IHCEs, suggesting an inverted U-shaped relationship between digital economy development and IHCEs. Initially, the digital economy exerts a positive effect on emissions, followed by a negative effect as it advances. This dynamic relationship reflects the intricate interplay between IHCEs and the growth of the digital economy, as illustrated in Figure 2.
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Hypothesis H1. Based on this, we propose Hypothesis H1: The digital economy exhibits an inverted U-shaped relationship with indirect household carbon emissions (IHCEs).
3.3 Heterogeneity analysis of the impact of the digital economy on household carbon emissions and hypothesis
3.3.1 Impact analysis and hypotheses from the perspective of regional differences
The eastern region, characterized by its advanced economy, high development level, and robust digital economy infrastructure, provides a unique foundation for understanding the relationship between the digital economy and IHCEs. From a theoretical perspective, industrial structure optimization theory posits that the eastern region’s strong technological innovation capabilities enable enterprises to deeply integrate digital technologies into production and operational processes, facilitating intelligent and green transformations. Additionally, the region’s comprehensive carbon emission regulatory framework, grounded in externality theory, ensures that enterprises internalize the external costs of carbon emissions through stringent environmental standards and policies, effectively reducing emissions during production. Against this backdrop, the incremental carbon emissions resulting from digital economy development in the eastern region are relatively insignificant. As the digital economy deepens, its inhibitory effect on IHCEs becomes increasingly evident. For example, digital technologies have driven intelligent logistics innovations in e-commerce, optimizing distribution routes and reducing energy consumption during transportation, thereby lowering IHCEs.
Hypothesis H2a. In the eastern region, the digital economy significantly inhibits indirect household carbon emissions (IHCEs).
In contrast, the central region lags behind the eastern region in economic development and the transformation of consumption patterns. Traditional consumption behaviors remain deeply entrenched. According to the theory of unbalanced regional development, the initial stages of digital economy development in the central region, characterized by inadequate digital infrastructure and limited technological application capabilities, provide minimal promotion of low-carbon household consumption. As the digital economy penetrates further, residents’ consumption habits gradually shift toward new consumption patterns, such as online shopping. This shift aligns with consumer behavior theory, which posits that increased exposure to consumption information stimulates demand, driving the development of related industries. Consequently, IHCEs are likely to rise significantly. During the research period, however, the digital economy in the central region has not yet reached a stage where large-scale energy-saving technologies or comprehensive shifts in consumption concepts have been realized. Therefore, IHCEs are expected to remain on an upward trajectory.
Hypothesis H2b. In the central region, the digital economy promotes indirect household carbon emissions (IHCEs).
The western region, with its traditional industrial foundation, is undergoing a critical phase of economic transformation and industrial restructuring, facing numerous challenges. During the initial stages of digital economy development, low levels of digital technology adoption hinder enterprises’ ability to digitally transform production processes, resulting in slow improvements in energy efficiency. Additionally, the inertia of traditional production models, coupled with insufficient attention to environmental management, exacerbates carbon emissions. Over time, however, government policies promoting environmental protection technologies, coupled with increasing public awareness of green consumption, are expected to mitigate emissions. As residents adopt greener behaviors, such as purchasing energy-efficient appliances and utilizing sustainable transportation, IHCEs are likely to decline. Consequently, the relationship between digital economy development and IHCEs in the western region may exhibit a significant inverted U-shaped pattern.
Hypothesis H2c. In the western region, the digital economy and indirect household carbon emissions (IHCEs) exhibit a significant inverted U-shaped relationship.
3.3.2 Impact analysis and hypotheses from the perspective of the level of digital economy development
Regions with low levels of digital economy development, characterized by underdeveloped economies and inefficient industrial structures, often experience rapid increases in IHCEs during the initial stages of digital economy growth. For example, the rise of e-commerce stimulates consumption and drives the development of associated industries, such as logistics and transportation, resulting in higher emissions due to limited technological advancements and environmental protections. As the digital economy develops further, investments in energy-saving technologies and stricter environmental policies help suppress and ultimately reduce IHCEs, forming a distinct inverted U-shaped relationship. In contrast, regions with advanced digital economies, optimized industrial structures, and strong environmental regulations integrate sustainability concepts early, mitigating the inverted U-shaped effect.
Hypothesis H3. The inverted U-shaped relationship between the digital economy and IHCEs is significant in regions with low levels of digital economy development but not in regions with advanced digital economies.
3.3.3 Impact analysis and hypotheses from the perspective of consumption categories
Based on observations of real-world consumption markets and the mechanisms of the digital economy, different consumption categories exhibit unique characteristics and development logics. Compared to basic living needs, the digital economy exerts a more significant impact on enjoyment-oriented and development-oriented consumption (such as household equipment, art, education, and entertainment), often resulting in increased carbon emissions in these areas (Du et al., 2024). For enjoyment-oriented and development-oriented consumption, the digital economy’s impact is more pronounced due to its role in enhancing information dissemination, driving product innovation, and transforming consumption patterns. For instance, the rise of online art exhibitions and smart educational equipment has enriched the consumer experience but also introduced more energy-intensive processes, thereby increasing carbon emissions. In the areas of food and housing consumption, the digital economy initially focuses on breaking spatial and temporal limitations on consumption and improving convenience, which stimulates consumption growth and drives increased carbon emissions in related industries. Subsequently, with technological advancements and industrial upgrades, measures aimed at environmental protection and resource efficiency begin to take effect, leading to an inverted U-shaped trend where carbon emissions initially rise and then fall. By contrast, in areas such as clothing, transportation, and daily necessities, consumption behaviors are constrained by traditional habits, fixed demand structures, and the realities of infrastructure. Even with the penetration of the digital economy, it is difficult to achieve fundamental changes in these consumption patterns or related carbon emissions. As a result, the digital economy has an insignificant impact on IHCEs in these categories.
Hypothesis H4. The impact of the digital economy on indirect household carbon emissions (IHCEs) varies across consumption categories. Specifically, the inverted U-shaped relationship between the digital economy and IHCEs is significant for food and housing consumption but not for clothing, transportation, daily necessities, and enjoyment-oriented or development-oriented consumption. Additionally, in the latter categories, the digital economy primarily drives an increase in carbon emissions.
4 EMPIRICAL RESEARCH DESIGN
4.1 Variable selection
4.1.1 Explanatory variable
The dependent variable is the logarithm of IHCEs (lnC). The measurement of Indirect household carbon emissions (IHCEs) involves calculating the carbon emissions produced during the production of eight broad categories of daily consumption items: food, clothing, transportation and communication, pharmaceutical products, household equipment and supplies, culture, education and entertainment, housing, and other purposes. The household’s main eight consumption categories and their corresponding production sectors are shown in Table 1. The indirect carbon emissions from household consumption were calculated using the following formula (Equations 1–4):
[image: The image shows a mathematical formula: \( C_{E} = CEP_{i} \times CEC \), followed by the number (1) in parentheses.]
[image: The image contains a mathematical formula: \( CI_i = CE_i / G_i \), labeled as equation (2).]
[image: Equation for IHCES: IHCES equals the summation from i equals 1 to n of CI sub i multiplied by consume sub j. It is labeled as equation 3.]
[image: Mathematical equation displaying natural logarithm: C equals the natural logarithm of HCEs, noted by the expression ln(C) = ln(HCEs), with the equation number (4).]
where CEi represents the scale of carbon emissions of the ith industry, CEPi represents the energy consumption of the ith industry, and CEC represents the carbon emission coefficient of various energy sources consumed by the corresponding industry. CIi represents the carbon emission intensity per unit of GDP for the ith industry, Gi represents the value added by the ith industry, and CEi represents the carbon emissions of the ith industry. We then classify and analyze the household consumption expenditure items of each industry. By multiplying the amount of household expenditure on item j, consumej, by the carbon emission intensity per unit of value added of the ith industry to which it belongs, CIi, we compute the carbon emissions generated by each household consumption expenditure. The carbon emissions of all consumption items are summed to obtain the total indirect carbon emissions from household consumption (IHCEs). Finally, we take the logarithm of this total to obtain the logarithmic value of IHCEs (lnC).
TABLE 1 | The main eight consumption items of households and their related production industry sectors.
[image: Table showing consumption categories and their related consumption products. Food includes agriculture and manufacturing of foods and beverages. Clothing covers textile and apparel manufacturing. Transportation and communication involve electronic equipment and transport. Pharmaceutical manufacturing focuses on medicines. Household equipment includes timber and electrical machinery production. Culture, education, and entertainment involve paper products and arts. Housing includes non-metallic mineral products and construction. Others involve tobacco wholesale, retail trade, and hospitality.]4.1.2 Core explanatory variables
The degree of digital economic development (digital) is the primary explanatory variable in this study, and the precise computation method is based on the research by Zhao et al. (2020). In this paper, eight variables are selected to construct the digital economic development index from four aspects: digital infrastructure, digital industrialization, industrial digitization, and digital services and governance. The assessment indexes are weighted using the entropy weighting method to produce a comprehensive assessment index of China’s digital economic development level (refer to Table 2).
TABLE 2 | Indicator system for evaluating the level of development of the digital economy.
[image: Table showing indicators for the development of the digital economy, divided into tiers. Tier 1: Level of development; Tier 2: Digital infrastructure, digital industrialization, industrial digitization, digital services, and governance. Variables include x1 to x8. Tier 3 examples: Internet users per hundred population, mobile phone subscribers, telecommunication revenue, and digital financial inclusion.]4.1.3 Control variable
To ensure a comprehensive and robust analysis of the impact of digital economy development on indirect household carbon emissions (IHCEs), this paper incorporates a set of carefully selected control variables at both the individual and household levels, addressing potential confounding factors that influence household consumption and emissions. At the individual level, age (the age of household decision-makers) is included to reflect generational differences in consumption patterns and environmental awareness, as younger decision-makers may adopt energy-intensive lifestyles while older ones might prioritize thriftier consumption. Gender (male = 1, female = 0) accounts for observed differences in consumption preferences, as male decision-makers often exhibit less inclination toward frequent purchases compared to females. Marriage (with spouse = 1, without spouse = 0) captures the effect of household composition, as married households typically exhibit higher resource demands. Education, measured by years of schooling (primary school = 6, lower secondary school = 9, upper secondary school = 12, tertiary and above = 16), is included to reflect the dual effect of education: enhancing income and aspirations for higher living standards while also potentially raising environmental awareness.
At the household level, urban (urban = 1, rural = 0) is controlled for to address structural disparities in access to goods and services and consumption patterns. Familysize reflects economies of scale in resource usage, where larger households often achieve higher efficiency in consumption per capita. The child dependency ratio (child) and elderly dependency ratio (old) (calculated as the ratio of children and elderly dependents to total household members, respectively) account for the impact of demographic structures on consumption priorities, such as expenditures on education or healthcare. House_debts (with housing loans = 1, without housing loans = 0) and nonhousing_debts (with non-housing loans = 1, without non-housing loans = 0) are included to measure financial constraints and their influence on household spending patterns, as households with debt obligations may prioritize essential consumption over discretionary or green purchases. Lastly, lfamilyincome (the logarithmic value of per capita net household income) is incorporated to capture the income effect, as wealthier households tend to consume more goods and services, which directly influences their carbon emissions.
These control variables are critical for isolating the effect of digital economy development on IHCEs by accounting for demographic, financial, and structural heterogeneities across households. For detailed definitions and summary statistics of these variables, see Table 3.
TABLE 3 | Description of variables.
[image: Statistical table displaying variables with sample size of 4,170. Columns include averages, standard deviations, minimums, and maximums. Key variables include age, gender, marriage, education, urban, familysize, child, old, house_debts, nonhousing_debts, and lfamilyincome. For example, age has an average of 54.65, standard deviation 11.91, minimum 17, and maximum 85.]4.2 Data sources
This study utilizes data from multiple authoritative and nationally representative sources to analyze household consumption and carbon emissions. The core dataset is derived from the China Family Panel Studies (CFPS) for the years 2014, 2016, and 2018. CFPS, conducted by Peking University, is a nationally representative, longitudinal household survey that covers urban and rural households across 25 provinces, representing approximately 95% of China’s population. Its comprehensive design ensures representativeness across regional, economic, and demographic dimensions, making it a robust data source for analyzing household behaviors. The dataset includes detailed information on eight distinct categories of household expenditure, ranging from food and housing to transportation and education. The CFPS data for 2020 were excluded from this study for two primary reasons. First, the 2020 dataset lacks detailed data on household consumption, making it inconsistent with earlier rounds of the survey. Second, the COVID-19 pandemic had an unprecedented impact on household consumption patterns, which would have introduced biases and inconsistencies into the analysis. By focusing on pre-pandemic years, this study ensures that the data accurately reflect typical household consumption behavior under stable economic and social conditions.
Energy consumption data, including energy equivalent standard coal coefficients and energy carbon emission coefficients, are sourced from the China Energy Statistics Yearbook and the IPCC Guidelines for National Greenhouse Gas Inventories, two widely recognized and authoritative sources. These datasets provide the energy equivalent standard coal coefficients and energy carbon emission coefficients, which are essential for converting energy consumption into carbon emissions. The accuracy and reliability of these coefficients are critical for ensuring robust and precise calculations of household carbon emissions. Additionally, value-added data for non-industrial sectors are obtained from the National Bureau of Statistics. Since value-added data for industrial sub-sectors have not been updated since 2007, this study estimates the values for 2014, 2016, and 2018 by applying growth rates from 2008 to 2018 to the 2007 baseline, with calculations performed using data from the CSMAR database. The growth rate adjustments for industrial sub-sector value-added are based on the “factory price index of industrial products,” also sourced from CSMAR. For evaluating digital economic development, data from the China City Statistical Yearbook and statistical yearbooks of prefectural-level cities are utilized. Missing data points are interpolated using linear and annual average methods. A one-to-one correspondence between household sample data and city-level digital economy metrics is established, resulting in the selection of 1,157 households surveyed across 2014, 2016, and 2018.
4.3 Model setup
Citing R.F.J. Haans et al. (2016), this study constructs two models: Model (5), which includes the primary terms of the explanatory variables, and Model (6), which includes the secondary terms of the explanatory variables. These models are used to examine the inverted U-shaped relationship between IHCEs and the development level of the digital economy. The econometric model is specified as follows (Equations 5, 6):
[image: Equation representing a model: the natural logarithm of \(C_{it}\) is equal to \(\alpha_0\) plus \(\alpha_1\) times \(digital_{it}\) plus the sum from \(j=2\) to \(j=14\) of \(\alpha_j \times Control_{it}\) plus \(provinc_t\) plus \(year_t\) plus \(\varepsilon_{it}\).]
[image: Mathematical equation representing a model: ln C_it equals β_0 plus β_1 digital_it plus β_2 digital squared_it plus the sum from j equals 3 to 15 of β_j Control_it plus province_i plus year_t plus ε_it.]
where lnCit represents the logarithm of household i’s IHCEs in year t Digitalit represents the level of digital economic development in household i’s city in year t. Controlit is a set of control variables including household decision maker and household characteristics variables, provincei and yeart represent province and year fixed effects, and εit is an unobservable observable error term.
5 EMPIRICAL RESULTS AND ANALYSIS
5.1 Return to baseline
To enhance the robustness of the test results, this study adopts a stepwise methodology that incorporates provincial and temporal fixed effects, the digital economy, its squared term, and additional control variables into the regression model. Table 4 details the outcomes, with each column representing the logarithmic value of IHCEs as the dependent variable. A benchmark regression using the entire sample assesses the impact of the digital economy on IHCEs. Column (1) displays results based exclusively on the core explanatory variable, “digital”. The significantly positive coefficient indicates that as the digital economy advances, the rate of increase in IHCEs also rises. Column (2) introduces the squared term of the digital economy (digital2), revealing an inverted U-shaped relationship between the digital economy and IHCEs. Specifically, the coefficient for “digital” remains significantly positive, while the coefficient for “digital2” is significantly negative. Columns (3), (4), and (5) sequentially incorporate individual, household, and regional control variables. The results continue to show a significantly positive coefficient for “digital” and a significantly negative coefficient for “digital2”, with only slight variations in magnitude and significance. These results substantiate the inverted U-shaped relationship between IHCEs and the digital economy. These results substantiate the inverted U-shaped relationship between IHCEs and the digital economy, suggesting that initially, as the digital economy fosters greater efficiency and consumption, it leads to higher carbon emissions. However, at a certain level of digital development, the relationship reverses due to the potential for more sustainable practices, such as increased efficiency in energy use and the promotion of green technologies. In other words, while the digital economy accelerates growth in carbon emissions at first, its later stages contribute to emissions reductions through innovation and improved resource management.
TABLE 4 | Impact of the level of development of the digital economy on IHCEs: baseline regression results.
[image: Statistical table displaying regression results for four models predicting the variable “lnC.” Variables include digital, digital squared, age, gender, education, marriage, urban, familysize, familyincome, house_debts, nonhousing_debts, child, and old. Coefficients and standard errors are shown, with significance levels indicated by asterisks. Observations total 4,170, with R-squared values ranging from 0.176 to 0.476. City/year fixed effects are included.]Column (3) presents the results for individual-level control variables, revealing a significant negative correlation between the age of the household decision-maker and IHCEs. This indicates that older individuals are more likely to display thriftier and more environmentally conscious consumption behaviors. This could be because older individuals may prioritize longevity, financial security, and sustainability, which influence their purchasing decisions and reduce their carbon footprint. However, this association does not hold in Column (4), where the coefficient becomes insignificant. This could indicate that other factors, such as income or family size, might overpower the effect of age on consumption behavior in this specific model, or that age-related effects are moderated by different contextual variables. Male decision-makers experience a slower rate of increase in IHCEs compared to their female counterparts. This difference is likely due to a lower inclination toward purchasing among men, leading to lower consumption and, consequently, fewer carbon emissions. The purchasing behaviors of men may differ from those of women due to socialized norms or differing attitudes toward consumption, which could contribute to this lower rate of increase in emissions. Furthermore, male decision-makers may prioritize cost-effective choices, leading to lower overall consumption. There is a statistically significant correlation between educational attainment and IHCEs. While higher education generally leads to better job prospects and higher income, the increased consumption associated with these higher earnings may counteract the environmental awareness gained through education, resulting in higher carbon emissions. Higher levels of education can often lead to greater financial affluence, which typically translates into greater consumption of goods and services, many of which are energy-intensive and contribute to higher carbon emissions. This highlights a complex relationship between income, consumption, and education. Moreover, the environmental awareness fostered through education may not always translate directly into more sustainable consumption patterns, especially when the financial means to consume more are available. Married households, compared to single-person households, generally exhibit higher carbon emissions due to increased consumption demands driven by larger household sizes. Moreover, their greater economic resources enable the purchase of more goods and services, many of which contribute to higher carbon emissions. Households with decision-makers in good health generally experience higher growth rates in indirect consumption-related carbon emissions. This is likely due to the reduction in healthcare expenditures, which allows for increased spending on other consumption goods and services, typically associated with higher carbon emissions. It is important to note that this effect is only significant in Model (3), indicating that the relationship may be sensitive to the inclusion of other variables or the specific model specification. It is worth noting that this result is only significant in model (3), which suggests that this relationship may be influenced by other variables or vary by model setting. At the household level, regression coefficients for household size, total mortgage, the log of non-mortgage financial liabilities, and urban attributes are all positive and significant. In contrast, coefficients for child dependency and elderly dependency are not significant. A possible reason for this is that larger households typically exhibit higher emissions due to increased resource consumption associated with a larger family size. Similarly, households with substantial mortgages or non-mortgage liabilities tend to prioritize consumption over environmental concerns, driven by financial pressures, thereby contributing to higher emissions. Urban households, with their greater purchasing power and access to energy-intensive goods, also experience higher IHCEs. These findings align with the proposed hypotheses and earlier results.
5.2 Robustness check
5.2.1 Inverted U-shaped relationship test
This study examines the U-shaped relationship between the development level of the digital economy and industrial greenhouse gas emissions (IHCEs). Relying solely on the significance of the quadratic term’s coefficient to establish this relationship lacks sufficient rigor.
First, the U-shaped curve has endpoints with positive and negative slopes, indicating that the curve trends both upward and downward. Second, the main explanatory variables in the model have positive primary coefficients, while the quadratic coefficients are negative, suggesting that the curve rises initially and then declines. Third, the inflection point of the curve should fall within the range defined by the core explanatory variables, specifically the digital economy development level examined in this study.
Table 5 and Figure 3 present the outcomes of the three-step U-test. The graphical representation reveals a curve exhibiting both upward and downward trends, characterized by an initial positive slope followed by a negative one. This pattern implies that the influence of digital economic growth on carbon emissions associated with household consumption is neither exclusively stimulatory nor purely inhibitory. As detailed in Table 3, the coefficients for “digital” and “digital2” are positive and negative, respectively, and are statistically significant at the 1% level. This finding suggests that the effect of digital economy development on household consumption-related carbon emissions initially promotes an increase, which subsequently transitions to a suppressive effect. The inflection point of 0.338 signifies a pivotal threshold in the development of the digital economy. Prior to this inflection point, advancements in digital economic infrastructure are associated with an increase in household consumption carbon emissions. However, once this threshold is surpassed, further development in the digital economy begins to moderate additional increases in these emissions. This observation supports the first Hypothesis H1. Initially, the digital economy’s impact on household consumption is predominant, overshadowing its role in fostering green consumption behaviors and failing to effectively promote sustainable practices. As the digital economy progresses, heightened household consumption—both in volume and frequency—intensifies the growth rate of IHCEs. Nevertheless, during the later stages of digital economy maturation, the availability of environmentally friendly products and heightened awareness of green and low-carbon consumption practices contribute to a deceleration in the growth rate of IHCEs.
TABLE 5 | Robustness test: inverted U-shaped relationship test results.
[image: A table with three columns labeled Variable, Lower bound, and Upper bound. The rows display Interval (0.027, 0.567), Slope (1.786, -1.314), t-value (2.227, -1.324), and P>|t| (0.013, 0.093).][image: Plot showing a curve labeled "lnC" against a variable labeled "digital." The curve starts at a minimum of 0.027, reaches an inflection point at 0.388, and ends at a maximum of 0.567. Vertical dashed lines mark these points on the graph.]FIGURE 3 | Inverted U-shaped relationship between the digital economy and household consumption carbon emissions.
5.2.2 Replacement of core explanatory variable measures
To enhance the reliability of the estimation results, this paper conducted a stability test. Specifically, the logarithm of per capita indirect household carbon emissions (IHCEs) was used as an explanatory variable instead of the logarithm of total IHCEs. The results, presented in Table 6, show that the coefficient for the digital economy variable is positive, while the coefficient for the squared digital economy variable is negative. All estimated coefficients remain significant after adjusting the explanatory variables. This confirms that the relationship between household carbon emissions and the digital economy remains inverted, thereby validating the robustness of the baseline regression.
TABLE 6 | Robustness tests: main explanatory variable measures with substitutions.
[image: Table displaying regression results with two models. Model 1 and Model 2 both have lnC as the dependent variable. Coefficients for "digital" are 1.831 with significance and 1.701 with significance, respectively. Coefficients for "digital squared" are -2.563 and -2.454, both with significance. Model 1 has no control variable but has city/year fixed effects; Model 2 has both. Constants are 6.873 and 2.935, both significant. Observations number 4,170 for each model. R-squared values are 0.227 for Model 1 and 0.510 for Model 2.]5.3 Inflection point analysis
Where does China’s digital economy development currently fall on the inverted U-shaped curve? Previous analyses have identified an inverted U-shaped relationship between IHCEs and the level of digital economy growth. The question arises: will the ongoing advancement in digitalization lead to a reduction or an escalation in IHCEs? This study leverages empirical estimations to pinpoint the inflection point on this inverted U-shaped curve.
Based on the logarithm of total IHCEs, the inflection point for digital economic development is determined to be 0.338. For the logarithm of average per capita IHCEs, the inflection point is slightly higher at 0.347, as derived from various measurement methodologies (see Tables 3–5). Currently, with a mean score of 0.116, China’s level of digital economic development is positioned to the left of this inflection point. Furthermore, only 3.71% of cities with sample households have surpassed the inflection point in digital economy development, suggesting that most cities have yet to reach it. These results imply that the digital economy in China is still in its developmental phase. Given the mean digital economy development score of 0.116, it is evident that China’s digital economy remains on the lower segment of the inverted U-shaped curve. Therefore, the continued growth of the digital economy is anticipated to further increase IHCEs, and accelerating digital economy development may be crucial for mitigating these emissions.
5.4 Heterogeneity analysis
5.4.1 By region
The analysis divides the country into three distinct regions: the eastern, central, and western regions. Each region has unique characteristics that shape the relationship between the digital economy and indirect household carbon emissions (IHCEs). In the eastern region, boasting advanced digital infrastructure and a robust economic foundation, the digital economy significantly curbs IHCEs. As per Hypothesis H2a, the region’s strong technological innovation, driven by industrial structure optimization, enables enterprises to integrate digital tech into production, reducing emissions. Also, a comprehensive carbon emission regulatory framework, based on externality theory, ensures environmental sustainability. This may have pushed the region past the inverted U - shaped curve’s inflection point, nullifying the digital economy’s initial positive impact on emissions. Turning to the central region, Hypothesis H2b holds true. Here, traditional consumption patterns are deeply ingrained. In the early days of digital economy development, limited digital infrastructure and tech application capabilities meant little promotion of low - carbon consumption. As digital penetration grows, new consumption patterns like online shopping emerge, driving up IHCEs as related industries expand. The western region, with its traditional industrial base, is in a phase of transformation. Initially, low digital technology adoption and traditional production inertia led to more emissions during digital economy growth. But as per Hypothesis H2c, with government - promoted environmental tech and rising public green awareness, the relationship between the digital economy and IHCEs forms an inverted U - shape. As seen in Table 7, these trends confirm Hypotheses H2a, H2b, and H2c, highlighting the diverse impacts of the digital economy on IHCEs across different regions.
TABLE 7 | Results of heterogeneity test (subregion).
[image: A table presents regression results for different regions labeled as East, Central, and West. Each region has columns showing values for the variables "digital," "digital squared," control variable, city/year fixed effects, constant, observations, and R². Values include coefficients, standard errors, and significance levels marked by asterisks. The values vary, illustrating different impacts and significance across each region and variable.]5.4.2 By level of digital economy development
Samples are stratified based on the level of digital economy development. Those below the mean are classified as having a low level of digital economy development, while those above the median are categorized as having a high level of digital economy development. As indicated in Table 8, the inverted U - shaped relationship between household carbon emissions and digital economy development is pronounced in low - development areas. However, in high - development regions, this relationship is not statistically significant. A reasonable explanation for this is as follows. In areas with underdeveloped digital economies, household expenditures are mainly concentrated on essential goods and services such as food, clothing, and housing. These consumption activities generally result in relatively low carbon emissions. When the digital economy starts to develop in these areas, for example, the rise of e − commerce stimulates consumption and drives the development of related industries like logistics and transportation. Due to limited technological capabilities and imperfect environmental protection measures at this stage, indirect household carbon emissions (IHCEs) increase rapidly. Nevertheless, with the further development of the digital economy, increased investment in energy - saving technologies and the implementation of stricter environmental policies help to suppress and eventually reduce IHCEs, thus forming a distinct inverted U - shaped relationship. In contrast, in regions with advanced digital economies, characterized by strong economic growth, advanced technology, and optimized industrial structures, the concept of sustainable development has been integrated into development strategies from the early stage. Although households in these areas may tend to consume high - carbon - emission goods and services such as automobiles, air travel, and electronics, and residents may prefer luxurious and high - consumption lifestyles, the well - established energy - saving and emission - reduction systems and strict environmental regulations in these regions encourage both enterprises and consumers to prioritize environmental protection. As a result, the inverted U - shaped effect between household carbon emissions and digital economy development is weakened. In conclusion, Hypothesis H3 is confirmed.
TABLE 8 | Heterogeneity test results (by level of digital economy development).
[image: A table comparing the impacts of digital economy development on two different levels: low and high. For the low level, the digital variable coefficient is 12.888 with a significant negative squared term of -71.805, and an R squared of 0.446 over 2,914 observations. For the high level, the coefficients are 1.183 and -1.410 for digital and its square, respectively, with an R squared of 0.506 across 1,256 observations. Both include control variables and fixed city/year effects. Constants are 2.733 and 2.897 for low and high levels, respectively.]5.4.3 By type of household consumption
This study delves into the influence of the digital economy on carbon emissions, meticulously examining eight different categories of household consumption. As presented in Table 9, a notable finding is that there exists an inverted U - shaped relationship between the digital economy and indirect household carbon emissions (IHCEs), with this correlation being mainly shaped by housing and food consumption. For clothing, medical care, transportation, home goods and equipment, education, entertainment, and other categories, a positive U - shaped relationship with carbon emissions is observed, yet it lacks statistical significance. This divergence can be attributed to multiple factors. In the early stages of the digital economy, as living standards rise, consumption increases, thereby driving up IHCEs, especially in food and housing. For instance, more people might choose larger houses or dine out more frequently. However, as the digital economy matures, the easy access to and sharing of information has promoted healthy eating concepts. People consume less high - calorie and high - fat foods, reducing carbon emissions from food consumption. Meanwhile, in the housing sector, the digital economy has enabled households to access more eco - friendly housing options and construction materials, cutting down on related emissions. In line with Hypothesis H4, which posits that the digital economy’s impact on IHCEs varies across consumption categories, with an inverted U - shaped relationship significant for food and housing but not for other categories where it mainly drives emission increases. Up to this point, Hypothesis H4 is verified.
TABLE 9 | Results of heterogeneity tests (by type of household consumption).
[image: A table displays regression results with eight columns labeled lnC_food, lnC_dress, lnC_trco, lnC_med, lnC_daily, lnC_eec, lnC_house, and lnC_other. Each column includes coefficients for digital, digital squared, control variables, city/year fixed effects, constant, observations, and R-squared values. Values are accompanied by standard errors in parentheses and significance levels indicated by asterisks. A note explains that the columns represent various logarithms of carbon emissions from different types of consumption.]6 CONCLUSIONS AND RECOMMENDATIONS
In the global context of advancing carbon reduction efforts and promoting sustainable development, the digital economy, as an emerging and highly influential force, is reshaping socio-economic structures comprehensively. Against this backdrop, the relationship between the digital economy and indirect household carbon emissions (IHCEs) has garnered significant attention. However, previous studies have not fully explored the mechanisms through which the digital economy impacts IHCEs, nor the variations of this impact across regions, levels of digital economic development, and consumption categories. To address these gaps, this study focuses on the critical issue of how digital economic development influences IHCEs. To achieve precise and representative conclusions, this research employs data from the 2014–2018 China Family Panel Studies (CFPS). This dataset covers households across different regions and economic levels in China, providing comprehensive and reliable information to build a solid foundation for analysis. Using rigorous econometric modeling and empirical methods, this study conducts an in-depth multidimensional analysis, yielding the following key findings:
	(1) An Inverted U-shaped Relationship between the Digital Economy and IHCEs. The relationship between the digital economy and IHCEs exhibits a significant inverted U-shaped pattern, as validated by robustness checks. In the early stages of digital economic development, improved accessibility to goods and services, coupled with expanded consumer choices, drives significant increases in the consumption of energy-intensive products, thereby raising IHCEs. This occurs because, in its initial stages, the digital economy primarily stimulates consumption growth, while its energy-saving and carbon-reducing benefits remain underutilized. As digital technologies mature, resource allocation becomes more efficient, and sustainable consumption concepts gain traction. Enterprises leverage digital technologies to improve production efficiency and reduce resource waste, while consumers are more inclined to choose low-carbon products, leading to a gradual decline in IHCEs. This finding enriches the theoretical understanding of the relationship between the digital economy and environmental sustainability, offering policymakers critical evidence for formulating stage-specific policies that align digital economic growth with carbon reduction objectives.
	(2) Regional Differences in the Digital Economy’s Impact. The impact of the digital economy on IHCEs varies significantly across regions. In the Eastern region, supported by advanced digital infrastructure and a high level of digitalization, enterprises efficiently adopt green production technologies, and residents are more likely to embrace low-carbon lifestyles. Consequently, the digital economy in the Eastern region exhibits a strong carbon-reducing effect. In contrast, the Central region, with its relatively underdeveloped digital infrastructure, experiences increased emissions as industries consume more energy and emit more carbon during the transition to new consumption patterns like online shopping. Meanwhile, in the Western region, carbon emissions initially rise due to industrial transformation challenges. However, as technological progress accelerates and environmental awareness improves, the digital economy and IHCEs in the Western region gradually exhibit an inverted U-shaped relationship.
	(3) Heterogeneity by Digital Economic Development Levels. The impact of the digital economy on IHCEs also varies significantly based on the level of digital economic development. In regions with low levels of digital economic development, IHCEs and the digital economy exhibit a pronounced inverted U-shaped relationship. During the initial phase, rapid growth in new industries, such as e-commerce, stimulates consumption and drives industrial expansion. However, due to inadequate technology and insufficient environmental measures, carbon emissions increase rapidly. As the digital economy advances, increased investments in energy-saving technologies and improved environmental policies help curb and eventually reduce emissions. Conversely, in regions with high levels of digital economic development, the inverted U-shaped relationship is less pronounced. These regions, characterized by advanced economies, optimized industrial structures, and strict environmental regulations, integrate sustainability concepts into economic and consumption models early on, preventing significant rises in carbon emissions.
	(4) Sectoral Heterogeneity in the Digital Economy’s Impact on IHCEs. A deeper analysis by consumption categories reveals significant heterogeneity in the digital economy’s impact on IHCEs. In the food and housing sectors, the digital economy demonstrates a clear inverted U-shaped relationship with IHCEs. During the early stages, the convenience brought by digital technologies stimulates demand, leading to industrial expansion and increased emissions. As digital technologies mature, industries accelerate their green transformation, reducing energy consumption and carbon emissions. However, in sectors such as transportation, household equipment, and cultural and recreational activities, the theoretical inverted U-shaped relationship is not significant. In the clothing and healthcare sectors, a positive U-shaped relationship emerges but lacks strong significance. These findings highlight the uneven progress in emission reductions across industries, revealing the untapped potential of the digital economy for reducing emissions.

To fully realize the potential of the digital economy in reducing IHCEs, policymakers should design targeted, region-specific, and sector-focused strategies based on the study’s findings. The following recommendations are proposed:
(1) Promoting Sustainable Development Based on the Inverted U-shaped Relationship. Given the inverted U-shaped relationship between the digital economy and IHCEs, policymakers should focus on guiding consumption during the early stages of digital economic development. On one hand, public education campaigns can enhance consumer awareness and preferences for low-carbon products, discouraging excessive consumption of energy-intensive goods. On the other hand, subsidies and tax incentives should support the development and application of energy-saving and carbon-reducing technologies, accelerating technological and industrial transformation. During the mature stages of the digital economy, policies should encourage enterprises to continue innovating and leveraging digital technologies to optimize resource allocation while promoting sustainable consumption concepts. These efforts will align the digital economy with low-carbon development goals.
(2) Regional Differentiation Policies to Promote Balanced Development. To address regional disparities in the digital economy’s impact on IHCEs, region-specific strategies are essential. In the Eastern region, policymakers should strengthen the digital economy’s role in promoting low-carbon development by encouraging enterprises to engage in green technological innovation and integrating digital technologies into green production processes. In the Central region, investments in digital infrastructure should be accelerated to attract digital economy enterprises, facilitate the digital transformation of traditional industries, and reduce industrial energy consumption. In the Western region, efforts should focus on advancing technology and raising environmental awareness by establishing special funds for energy-saving technology research and promoting green consumption practices. These measures will help ensure that the Western region transitions more quickly to the descending phase of the inverted U-shaped curve.
(3) Tailoring Strategies to Digital Economy Development Levels. In regions with low levels of digital economy development, efforts should focus on regulating emerging industries, such as e-commerce, by establishing green development thresholds and encouraging enterprises to adopt environmentally friendly production technologies. As the digital economy advances, investments in energy-saving technologies should increase, and environmental policies should impose stricter carbon emission limits. In regions with high levels of digital economy development, policies should explore the integration of digital economy advancements with green industries. For example, establishing innovation parks with tax incentives can encourage sustainable practices. Supporting green supply chain management and rewarding enterprises for reducing supply chain emissions will further consolidate sustainable development outcomes.
	(4) Unlocking Emissions Reduction Potential by Consumption Categories. Policies should prioritize emissions reductions in the food and housing sectors, where the digital economy demonstrates clear potential for impact. Early-stage green planning should guide industrial expansion, while incentives for environmentally friendly production processes and materials can further support these efforts. For sectors such as transportation, household equipment, and cultural activities, policies should encourage the development of low-carbon technologies and products. For example, subsidies for new energy vehicle production and research on digital emissions reduction pathways in these sectors could drive progress. In the clothing and healthcare sectors, businesses using sustainable materials and processes should receive subsidies, and public awareness campaigns should promote environmentally conscious consumption. These measures will unlock the full potential of the digital economy in reducing IHCEs across all consumption categories.

By implementing these policy measures, governments can maximize the digital economy’s potential to reduce IHCEs while fostering sustainable and inclusive economic growth. The findings provide valuable guidance for policymakers and researchers seeking to align digital economic development with environmental sustainability goals.
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The application of digital technology and the emergence of new economic forms have accelerated economic and social dynamic circulation, and the digital economy industry has achieved positive results in enhancing regional carbon emission efficiency. Therefore, exploring the carbon footprint of the digital economy system and the new development model of “dual circulation” from the perspective of high-quality development is important to ensure its healthy development. This study is based on the theory of high-quality development. It uses panel models, spatial econometric models, and other methods for empirical analysis of the level of digital economy development and carbon emission efficiency in more than 25 provinces in China and also of their impact effects. The results indicated that under the post-epidemic situation, the digital economy level of various provinces in China has improved to varying degrees, especially in the Beijing, Tianjin, Hebei, and Pearl River Delta regions, where the improvement effect is significant. The carbon emission efficiency showed a decreasing trend from east to west in the spatial dimension. The digital economy was significantly positively correlated with carbon emission efficiency at the 1% level. In comparison, the negative effects of urbanization level and government macro intervention variables were significant at the 5% and 10% levels. The adjustment of industrial structure, energy technology, and development of the digital economy had significant spatial spillover effects and heterogeneity. When the digital economy improved carbon emission efficiency, a certain degree of peripheral inhibition was observed. From the perspective of high-quality development, the digital economy needs to focus on the “simultaneous realization and maintenance” of economic and ecological benefits and actively adjust the industrial structure and energy optimization based on regional differences.
Keywords: digital economic system, carbon emissions, panel model, spatial spillover effects, industrial structure, carbon footprint

1 INTRODUCTION
Faced with the current trend of digital transformation and development in the world economy, its scale anddepth of development are also constantly deepening and expanding. As an important lever to enhance economic development and build new competitive advantages and new patterns, it has obvious advantages in leveraging China’s market advantages and domestic demand potential. The research and application of digital technology such as big data, artificial intelligence (AI), and cloud computing are continuously promoting technological innovation, and new economic formats are emerging one after another. The dynamic cycle system of economic development is also constantly being optimized (Yu and Zhu, 2023; Han et al., 2022). The report of the 20th National Congress of the Communist Party of China proposed accelerating the digital economy development (DED) and stimulating the deep and multi-domain development of digital technology through the deployment of economic network infrastructure (Hussain et al., 2022). Digital economy has become a new engine for promoting economic and social high-quality development (HQD). As an economic system based on digital technology, it covers a wide range of connotations. In the China Digital Economy Development Report (2022), the extent of industrial digitization in China exceeded 80% in 2021. As a new direction of industrial development, digital economy is closely related to carbon emissions (CEs) (Ren et al., 2022). According to relevant data, there are differences in the carbon footprint (CFP) of industrial activities in China in the 21st century, and the ecological deficit caused by the scarcity in productive land area is more obvious, making it difficult to compensate for the CFP of the industrial space (Hertwich, 2021). With the increasing severity of global climate change, reducing CEs and achieving sustainable economic development have become urgent issues that need to be addressed by countries and regions. The digital economy accelerates the penetration and integration of digital technology and digital elements into deeper and wider fields by continuously upgrading network infrastructure and information tools such as intelligent machines. It also promotes the transformation of the economic form from industrial economy to smart economy, thereby bringing about a change in the overall economic operation mode. In the context of carbon peak and carbon neutrality, high-energy-consuming industries urgently need to be transformed and upgraded, and residents’ consumption patterns need to be optimized urgently. Therefore, combining digital economy with green development is the only way and key technology to promote the “dual carbon” goal and high-quality economic development (Chen et al., 2024). In the 14th Five Year Plan and 2035 Vision Goal Outline, it is also proposed to that the intelligence level of cities be improved, digital management and operation of cities be promoted, and the concept of “low-carbon” cities be advanced (Saeed et al., 2023). Therefore, conducting research on China’s provincial level is in line with the requirements of China’s development strategy and an important part of adapting to future economic development. There are differences in industrial structure, resource endowment, and technological level among different provinces. At the provincial level, research can provide a scientific basis for the development of each province, improve resource utilization efficiency, and serve as a crucial strategic support for achieving China’s long-term carbon neutrality goals.
Within different economic circles, the impact of DED on CEs varies, and the spatial boundary effects that it presents also differ to some extent. Among them, the development of digital industries, digital innovation capabilities, and digital inclusive finance are important factors regarding the impact of the digital economy on urban CEs. The digital economy has driven the development of information and communication technology, while remote sensing technology, Internet of Things devices, and online data analysis tools have improved the efficiency of economic activities. Digital transformation may lead to changes in energy consumption patterns, which can help automate CE trading markets. The relationship between the digital economy and emission efficiency depends on multiple factors, especially the application of digital technology and the policy environment in which it operates. To maximize the use of the digital economy to improve emission efficiency, it is necessary to strategically plan and adjust energy use and emissions, while encouraging responsible technology use and innovation. Related studies have shown that there is significant spatial heterogeneity in the development of China’s digital economy, and the development pattern has shifted from a “multi-point” sporadic distribution to a “clustered” aggregation form. However, the gap in development levels among cities has not improved (Wang and Zhong, 2023). The digital economy, with the Internet and big data as its main components, has become an important booster for China’s HQD. The integration of digital technology provides an opportunity for economic green and low-carbon transformation (LCT), and carbon emission efficiency (CEE) and CFP are related to factors such as energy structure, industrial upgrading, and technological innovation. Exploring the relationship between DED and CE is of great practical significance in handling the difficulties posed by global climate change to the dual circulation pattern. Most studies only concentrate on the CE effect of energy consumption (EC) in the digital industry, which tends to overlook the technology spillover situation in the digital industry, making it difficult to present actual results. In this context, this study combines theoretical analysis with empirical testing to explore the empirical impacts of DED on CE through theoretical model design and econometric data collection. This study innovatively utilizes the perspective of HQD to enrich the empirical content of the relationship between the two. In addition, the refinement of variable indicator data and the consideration of mediating variables from multiple perspectives can also provide theoretical support and policy recommendations for achieving sustainable HQD.
2 LITERATURE REVIEW
Digital economy is an essential endogenous driving force for driving urban economic development. Yu et al. discussed panel data of Chinese cities from 2011 to 2019 and examined the impact of DED level on carbon reduction. Digital economy had an inhibitory effect on the development of CE, showing significant heterogeneity, and it could effectively intervene in CE by regulating green energy efficiency (Yu et al., 2022). Zhong et al. conducted a research on the relationship between agricultural CE and economic HQD using panel data, spatial Durbin model (SDM), and mediation effect (ME) models. At present, the carbon intensity level of agriculture in China is still relatively high, and adjustment of agricultural technology could effectively play an intermediary role. Therefore, the application and DED in agricultural technology should be strengthened in the later stage (Zhong et al., 2022). Tan et al. focused on the ME of industrial structure upgrading (ISU) on the correlation between digital economy and low-carbon sustainable development (LCSD) and tested it using urban regression models. ISU could provide an external positive environment for the DED and reduce CE (Tan et al., 2024). In response to the LCT of the manufacturing economy, T. Wu combined qualitative and quantitative analyses, using theoretical and empirical methods to perform an analysis on 30 provinces in China. Digital economy could reduce CE, and its integration with technology-intensive manufacturing could effectively leverage the multiplier effect of carbon reduction (Wu et al., 2023). Wang et al. explored the relationship between digital economy and urban LCSD from a climate perspective using panel data and fixed-effects (FE) models. Promoting digital economy could effectively promote urban LCSD, and the flow of innovative factors was an important influencing factor. The influence of digital economy in urban LCSD has increased (Wang et al., 2022). Cui et al. innovatively analyzed the relationship between productive capital stock and CE from the perspective of China’s information and communication technology calculation. Wireless communication in information technology could indirectly reduce CE through DE, and a non-linear connection was observed between DE and CE. The degree of influence mechanism was related to the type of wireless communication (Cui et al., 2023). The framework of the Environmental Kuznets Curve assumption, the relationship between CE and natural resource exploitation, globalization index, economic growth, and population aging presented an inverted U-shaped relationship. Strengthening the sustainable development goals under multiple objectives had important practical significance. Shang et al. used the Tapio decoupling model to explore the relationship between carbon dioxide and driving factors, and they employed parallel deep learning algorithms to design a perceptual neural network. They constructed a partial least squares regression model to analyze the driving factors. The results indicated that the variable importance of urbanization rate in predicting the output had a strong inhibitory effect on CFP growth, and the marginal effect relationship between CFP and economic growth had stages (Shang and Luo, 2021). Regarding the EC and CEs of 5G mobile networks, Li et al. developed a data-driven framework and coordinated the working status of 5G batteries using DeepEnergy energy-saving methods and deep reinforcement learning neural networks. The results indicated that this method had great potential in reducing CEs, and its integration with solar energy systems could further promote the development of energy-efficient telecommunications (Li et al., 2023). Based on the perspective of ecological environment improvement research, Wang et al. explored the impact and mechanism of green finance on the economic and social green development space under panel data from 30 provinces and cities in China (2011–2020) through FEs and moderation effects models. The results indicated that the development of green finance in China has significantly expanded the green development space of the economy and society. The improvement of the ecological environment played an important intermediary and regulatory role, which could achieve high-quality and sustainable development of the economy and society (Wang et al., 2023).
Green development is an important part of the transformation and upgrading of other enterprises. Gao et al. analyzed the energy-saving and CE reduction ability of the digital economy from the perspective of technological structure transformation using a bidirectional FE model and an ME model. The improvement of green technology efficiency could reduce EC (Gao and Peng, 2023). Patterson et al. analyzed CE using machine learning techniques and found that reducing the EC of machine learning is of great significance in reducing the total CE (Patterson et al., 2022). Müller L J et al. analyzed the CFP raw materials and found that capturing CO2 carbon sources can significantly reduce their emissions and that accelerating the optimization of CFP indicator evaluation methods can analyze CO2 under different energy demands (Müller et al., 2020). Valls-Val K et al. believed that from the perspective of CE evaluation content, CFP should strengthen the analysis of the impact of different key elements on it, further improve the emission coefficient database, and develop reasonable processing tools, which was a long and arduous task (Valls-Val and Bovea, 2021). Wood et al. believed that the formulation of strategies for CFP control needs to consider trade composition and driving factors, among which greenhouse gases are crucial for analyzing the industrial and agricultural sectors (Wood et al., 2020). Mi et al. analyzed the CFP of 10 households with different income groups in China using multi-regional input–output analysis and found that CFP showed regional differences and that economic growth can improve carbon inequality (Mi et al., 2020). Shahbaz et al. considered the potential relationship between digital economy and energy transition and used panel data from 72 countries between 2003 and 2019 to study the impact of the digital economy on renewable EC and power generation structure. They analyzed the mediating role of government governance, indicating that the digital economy stimulated the transition to renewable energy by enhancing government governance capabilities (Shahbaz et al., 2022). The market-oriented trading mechanism is an important means for the Chinese government to control environmental pollution. Xuan et al. used a differential model to explore the impact of CE trading policies on CE reduction. The results indicated that CE trading policies, economic development, technological research level, and opening up to the outside world could significantly reduce CE intensity (Xuan et al., 2020). Adams et al. found that when analyzing the relationship between the economy and EC of countries with high geopolitical risks from 1996 to 2017, the uncertainty index had a co-integration relationship between EC, economic growth, geopolitical risks, economic policy uncertainty, and CE. There was a one-way causal relationship between CE and geopolitical risks, making significant adjustments to energy policies to better adapt to economic policy uncertainty and geopolitical risks (Adams et al., 2020).
Most previous studies demonstrated that the evaluation of CFP requires the support of a large amount of data, and there are differences in the standards for CE selection among different industries and regions. CFP is closely related to carbon reduction, and it is difficult to accurately evaluate CFP solely through macro-surveys conducted by DE. Therefore, the research mainly focuses on carbon reduction, indirectly demonstrating the impact of CFP. This paper analyzes the correlation between digital economy and carbon reduction efficiency (CRE) from multiple aspects and considers the impact of various mediating variables on urban CFP, which can effectively provide the reference value for urban HQD.
3 THE IMPACT MECHANISM OF DED ON CEE FROM THE ASPECT OF HQD
Digital economy has accelerated the development of information-related industries and also promoted digital technology penetration and integration in traditional industries, causing a huge improvement in the degree of economic intelligence. On the one hand, digital technology relies on intelligent information technology to improve scientific decision-making efficiency, while reducing CE while improving energy utilization efficiency. For example, the dynamic assessment of market data by digital technology platforms can facilitate a more comprehensive analysis of the trajectory and supply–demand dynamics of the energy economy. This, in turn, enables the formulation of macro-level policies that regulate energy market transactions (Luo et al., 2023). On the other hand, the upgrading and transformation of traditional industries through digital technology can reduce the clustering of high pollution emission industries, stimulate the vertical flow of production factors, and improve resource allocation efficiency. The enhancement of green consumption concepts can also help reduce the CE intensity. The advent of the post-pandemic era has caused damage to China’s domestic production and business activities, and coupled with the severe external global economic background, the concept of a new development pattern of dual circulation has emerged. The impact mechanism of DED and CEE from the perspective of HQD is shown in Figure 1.
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From the perspective of direct impacts, the digital economy industry has obvious environmentally friendly characteristics, which make people’s work and production activities no longer limited to specialized time and space, and low-carbon lifestyles are gradually becoming a new fashion. The integration of digital economy and traditional industries can reduce production costs and develop economies of scale and scope, to a certain extent reduce waste of resource investment, and create a good economic development environment (Zhu et al., 2022). From the perspective of indirect impacts, digital economy can reduce CEE through industrial energy structure adjustment and optimization, energy utilization intensity reduction, technological progress, and other aspects. Specifically, the application and development of AI and Internet of Things technology have changed the traditional mode of industrial economic operation, and their design of resource allocation efficiency and restructuring of industrial organization has enhanced the EC structure. The reduction in the use of fossil fuels and non-renewable energy, as well as the development and utilization of clean energy and new energy industries, can effectively improve CEE and reduce the irreversible damage of energy to the environment. The technological innovation wave triggered by digital economy can effectively stimulate the transformation of EC structure (Xu et al., 2024a; Gazman, 2023). Given the CE spatial spillover effects (SSE), the acceleration of information technology circulation speed and the flow of production factors by digital economy can greatly achieve the balanced development of CEE at the spatial level.
4 THE SPATIOTEMPORAL CHARACTERISTICS AND ANALYSIS OF DED AND CE
4.1 Indicator measurement setting
This paper adopts the entropy weight approach to calculate indicator data. The entropy value is inversely proportional to the amount of information it contains. Moreover, the method is easy to carry out and can reduce data evaluation errors caused by human factors. According to the positive and negative attributes of the indicators, different index calculation methods are designed, as shown in Equation 1.
[image: Two equations for calculating normalized values. First equation: \( I_P = \frac{X_I - X_{\text{min}}}{X_{\text{Max}} - X_{\text{min}}} \). Second equation: \( I_{IP} = \frac{X_{\text{Max}} - X_I}{X_{\text{Max}} - X_{\text{min}}} \).]
In Equation 1, [image: Please upload the image or provide a URL for me to generate the alt text. If there's additional context, feel free to add it as well.] and [image: Please upload the image or provide a URL, and I will help you with the alt text.] represent the calculation expressions of positive and negative indicator indices, respectively. [image: It seems like there's an issue with the image link. Please upload the image or provide a URL, and I can help create the alt text for it.] is the raw data for the [image: The letter "i" is depicted with a dot above it, written in a serif font style.]-th indicator in a certain region, respectively. [image: It seems like there was an error or a misunderstanding. Please upload an image or provide a URL so I can help create the alt text for it.] and [image: It seems you've entered a mathematical expression instead of an image. If you have an image you'd like me to describe, please upload it and I'll help with the alt text.] are the maximum and minimum of the indicator data, respectively (Sharma et al., 2022). Subsequently, the indicator data are normalized, information entropy and redundancy are calculated, and finally the weight result [image: It looks like your request is missing an image. Please upload the image or provide a URL, and I will be happy to help with the alt text.] of the indicator data is obtained, as shown in Equation 2.
[image: The equation shows \( w_j = \frac{d_j}{\sum_{i=1}^{n} d_i} \), labeled as equation (2).]
In Equation 2, [image: Please upload the image or provide a URL so I can generate the alt text for it.] denotes the item indicator of the evaluation object. [image: Please upload the image or provide a URL so I can create the alt text for you.] is the redundancy of indicator [image: It seems there was an issue with displaying the image. Please try uploading the image again, or provide a description or URL for context.]. [image: Please upload the image or provide a URL, and I will help create the alternate text for it.] is the number of indicators. When calculating the CE level, this study refers to the energy CE coefficient in the IPCC National Greenhouse Gas Emission Inventory, 2006, and uses macro-data to convert the CE coefficient of various energy sources. Equation 3 represents the CE expression of energy heat generation [image: Please upload the image or provide a URL so I can help generate the alt text for it.].
[image: The formula shown is: \( C_i = \frac{44}{12} O H C_l^o \), labeled as equation three.]
In Equation 3, [image: It seems you've posted mathematical notation, not an image. If you have an image you'd like described, please upload it or provide a URL.] is the low calorific value of fossil fuels, [image: Please upload the image or provide a URL so I can help create an alt text for it.] is the carbon oxidation factor of fossil fuels, and [image: The image shows a mathematical notation with the letter "C" followed by a subscript "i" and a superscript "0".] is the energy carbon dioxide coefficient. DED focuses on economic infrastructure digital economy application. Therefore, based on the consideration of the connotation and related indicators of CFP, this study selects indicator systems from three dimensions: infrastructure construction, digital industrialization (DI), and industrial digitization (ID). Table 1 lists the components of the constructed DED indicator system.
TABLE 1 | DED indicator system.
[image: Table detailing digital economy indicators. Level I indicators include DI and ID. Secondary indicators cover electronic information equipment manufacturing, telecommunications, software data technology, industry, third industry, agriculture, infrastructure investments, and digital talent. Third level indicators specify areas such as investment in equipment, mobile phone production, broadband access, sales revenue, service industry value, number of Internet users, electricity consumption, and professional awards. Units are in RMB, percentages, or units such as thousands or billions. Indicator attributes are marked with a plus sign.]The selected digital economy indicator data are all from the National Statistical Yearbook and the statistical yearbooks of various local provinces. Parts of the industrial data are taken from the China Industrial Economic Statistical Yearbook. Missing data are filled in using interpolation (Kirikkaleli and Oyebanji, 2022).
4.2 Empirical model setting
This study designs a panel regression model to empirically model the relationship between selected DED data and CEE, as shown in Equation 4.
[image: Mathematical equation for \( CPE_{i t} = a_0 + a_1 X_{i t} + a_k \sum_{k=1}^{n} C_{k t} + \mu_t + \phi_t + \epsilon_{i t} \) labeled as equation 4.]
In Equation 4, [image: Please upload the image or provide a URL for it, and I can help create the alt text.] represents the year, [image: It seems there might have been an issue with the image upload. Please try uploading the image again or provide a URL. If you have any additional context or descriptions related to the image, feel free to include them.] represents the province, [image: Mathematical notation of "CPE" with subscripts "i" and "t".] is CEE, [image: It seems there might be a misunderstanding. You need to upload an image or provide a URL for me to generate alt text. If you have an image, please try uploading it again.] is the dependent variable, [image: Mathematical expression showing "C" with subscripts "i" and "t".] is the control variable (CV), and [image: Please upload the image or provide a URL so I can help create the alt text for it.] is the estimated coefficient. [image: It seems there might be an error with the image upload. Please try uploading the image again and ensure it's in a supported format. If you have a caption or description, feel free to include it for additional context.] and [image: Please upload the image or provide a URL so I can create the alt text for you. If there's a specific context or caption you want to include, feel free to share that as well.] represent un-observable provincial and temporal effects, respectively. [image: Italic lowercase epsilon with subscript "i" and superscript "prime t".] is a random perturbation term. [image: Mathematical expression showing epsilon (ε) indicating a variable, with subscript "i" and superscript "t", followed by "t" indicating time or an additional variable.] is a random perturbation term. [image: Please upload the image or provide a link to it so I can help generate the appropriate alt text.] represents the number of explanatory variables, including the constant term (intercept). [image: Certainly! Please upload the image or provide a URL so I can help create the alt text for it.] represents the sample size, which is the number of observed values. When conducting empirical analysis on the relationship between the digital economy and CE efficiency, the study can assume that there is no sequence correlation or heteroscedasticity in the data, no complete multicollinearity between independent variables, and no missing variable data in the model. Individual differences are random and independent of the explanatory variables. This study selects CEE as the independent variable. Based on the research content of previous scholars, the dependent variable is divided into five main dimensions: population size (Pop), urbanization level (URB), government macro intervention (GI), level of opening-up (L-open), and financial support (FS). The rise in Pop causes an increase in total EC, and the improvement in URB means that energy efficiency and demand will also increase. GI will affect the formulation of market policies, and both excessive intervention and loose policies will affect resource allocation. L-open means two different situations: learning carbon reduction technologies and pollution transfer (Jiang et al., 2022; Li et al., 2022). For the convenience of data statistics, this study uses the proportion of deposit and loan balances of financial institutions to represent the FS level. The higher the level of capital circulation, the more it reflects the rationality of resource allocation. The variable comes from the Urban Statistical Yearbook and the Financial Statistical Yearbook. Descriptive statistical results of variable data are shown in Table 2.
TABLE 2 | Descriptive statistical results of variable data.
[image: Table with variables categorized as independent and dependent, plus control variables (CV). It displays indices: CEE, DE, DI, ID, Pop, URB, GI, L-open, FS. Each index has mean, standard deviation, maximum, and minimum values. Examples include: CEE with mean 55.689, standard deviation 42.150, maximum 321.025, minimum 6.235. Pop with mean 4623.144, standard deviation 2811.318, maximum 12648.531, minimum 564.71.]4.3 Mediation model setting
In the process of mechanism verification, an ME model is constructed to discuss the influence mechanism of digital economy on CEE. The model setting is shown in Equation 5.
[image: Equations showing two models. First equation: CEE equals a0 plus a1 times de_it plus the sum from k equals 1 to n of δk times Ck_it, plus μ_it plus φ_t plus ε_it. Second equation: M_it equals b0 plus b1 times de_it plus the sum from k equals 1 to n of θk times Ck_it, plus μ_t plus φ_t plus ε_it. Indicator (5) on the right.]
In Equation 5, [image: Please upload the image or provide a URL first.] is a mediator variable, [image: If you have an image you'd like described, please upload it or provide a URL.] is the total effect estimation coefficient, [image: It seems there was an issue with the image upload or link. Please try uploading the image again or provide a link to it. You can also add a caption for additional context if needed.] is the index of influencing factors, and [image: Please upload the image or provide a URL for me to generate the alt text.] is the effect of mediating variables on CEE after controlling for the influence of DE. This study introduces spatial correlation coefficients to analyze CEE and uses Moran scatter plots (MSP) to show the data’s spatial correlation. Among them, spatial distribution and correlation analysis are used to demonstrate the connection and clustering trend of variable value (Addai et al., 2022; Dabbous and Tarhini, 2021). Its mathematical expression is shown in Equation 6.
[image: Mathematical equations showing two formulas. The first equation defines \( I \) as the ratio of the sum of weighted deviations to the product of scaled sum of weights. The second equation defines \( I_t \) as the product of \( Z_L \) and the sum of weighted \( Z_{ip} \). Both equations are part of equation number 6.]
In Equation 6, [image: Please upload the image or provide a URL so I can help create the alt text for it.] is spatial auto-correlation. [image: Please upload the image or provide a URL, and I can help create the alt text for it.] is local auto-correlation. [image: Please upload the image or provide a link to it so I can help generate the appropriate alt text.] is the number of spatial units. [image: It seems like you're referring to an image, but there's no visible picture here. If you can upload the image or provide a URL with a caption, I can help create the alt text for you.] is the CE quantity of urban unit [image: The image shows the lowercase letters "l" and "p" in a serif font, separated by a comma.]. [image: Please upload the image or provide a URL for me to generate the alt text.] denotes the mean variable. [image: It seems there was a misunderstanding. Could you please upload the image or provide a URL? You can also add a caption for context.] refers to the adjacency space weight matrix. [image: It seems like you've entered a mathematical expression, not an image. If you meant to upload an image, you can do so by using the upload image feature. If you need help with the expression, feel free to ask!] is the standardized form of the sample space. When [image: Please upload the image or provide a URL so I can help create the alt text for it.] is positive, the spatial difference between [image: If you upload the image or provide a URL, I can help create the alt text for it.] and its neighboring cities is small, and when vice versa, the spatial difference is large. [image: Please upload the image or provide a URL, and I will generate the alt text for you.] represents the observed value. When its value is 0, it indicates that the sample space units exhibit randomness in spatial distribution (Khan et al., 2024). This study selects five indicators, namely, advanced industrial structure (AIS), rational structure of production (RSP), energy-resource structure (ES), energy intensity (EI), and technical progress (TP), as mediating variables, as exhibited in Table 3.
TABLE 3 | Descriptive statistical results of mediator variable data.
[image: Table displaying mediating variables with indices AIS, RSP, ES, EI, and TP. Columns include mean, standard deviation, maximum, and minimum. AIS: 1.082 mean, 0.589 SD. RSP: 11.263 mean, 18.236 SD. ES: 98.743 mean, 50.124 SD. EI: 2.165 mean, 1.162 SD. TP: 42165.289 mean, 76436.177 SD. Maximum and minimum values are listed for each index.]5 EMPIRICAL RESULT ANALYSIS
5.1 Panel effect testing
Panel data refer to taking multiple cross-sections on a time series and simultaneously selecting sample observations on the cross-sections. It can reflect the heterogeneity of data in time and space to a certain extent, and it can better estimate dynamic behavior compared to simple time-series data. The stationarity of sequence variables is an important basis for affecting model performance, and directly conducting regression analysis on non-stationary variables may lead to spurious regression problems. The study hypothesizes that the cross-sectional sequence of panel data has different unit root processes. The study takes 30 provinces other than Xizang from 2000 to 2021 as the research object, and the data are from “China Statistical Yearbook,” “China Urban Statistical Yearbook,” and “China Financial Statistical Yearbook.” A few missing values are filled with multiple imputation. The outliers in the experimental data have been removed. To verify whether the selected variables have a high correlation, the study uses the coefficient of variance inflation for multicollinearity testing. The results are shown in Table 4.
TABLE 4 | Results of multicollinearity analysis.
[image: Table displaying Variance Inflation Factor (VIF) values for different variables. Ln-DE has a VIF of 2.93, Ln-DI is 2.64, Ln-ID is 2.61, Ln-Pop is 2.26, Ln-URB is 2.17, Ln-GI is 1.27, Ln-L-open is 1.00, and Ln-FS is 2.12.]The results in Table 4 indicate that the variance inflation factor values of each variable do not exceed 10 and the maximum VIF value among the variables does not exceed 3. This indicates that there is no multicollinearity among the control variables and a certain correlation exists between them and CEE. The ADF test is used to test the stationarity of sequence variables affecting CEs, and the results are shown in Table 5.
TABLE 5 | ADF inspection results.
[image: Table showing variables with ADF test values, critical values at 5% and 10%, and stability. Variables include Ln-DE, Ln-DI, Ln-ID, Ln-Pop, Ln-URB, Ln-GI, Ln-L-open, Ln-FS, and Ln-CEE. Most are stable except Ln-GI and Ln-L-open at 5%.]If there is a unit root process in the sequence, it will be non-stationary and lead to spurious regression in regression analysis. In Table 5, Ln-CEE is the explanatory variable, while Ln-DE, Ln-DI, Ln-ID, Ln-Pup, Ln-URB, Ln-GI, Ln-L-open, and Ln-FS are dependent variables. The results in the table indicate that the critical values of ADF tests for different variables are stable at 5% and 10%, indicating that the corresponding variable difference sequence is a stationary sequence. Subsequently, the regression model proposed in the study is subjected to the Breusch–Pagan LM test, and the dependence of cross-sectional data is analyzed. The results are shown in Table 6.
TABLE 6 | Breusch–Pagan LM test.
[image: Table displaying results of the Breusch-Pagan LM test for various variables. Each variable, including Ln-DE, Ln-DI, Ln-ID, Ln-Pop, Ln-URB, Ln-GI, Ln-L-open, and Ln-FS, shows a statistic and a 5% critical value. For instance, Ln-DE has a statistic of -3.3791 and a critical value of -3.5638.]In Table 6, the LM test results indicate that the variable data do not reject the null hypothesis of structural mutation unit root process at the 5% significance level, indicating that there is no cross-sectional dependence in the data. At the same time, when conducting the Gregory–Hansen co-integration test on the ADF statistic, the results indicate that there is no structural mutation co-integration at the 1% significance level, and the statistic value is −8.7526, indicating that there is indeed a certain co-integration relationship between CE and influencing factors. This study first analyzes the digital economy composite index of 30 Chinese provinces from 2000 to 2021, as displayed in Figure 2.
[image: Map of China highlighting different provinces based on digital economy levels. Guangdong and Jiangsu are marked with levels ranging from 0.2 to 0.8, Sichuan, Shanghai, and Hunan range from 0.5 to 0.9, and Zhejiang ranges from 0.7 to 0.9. Each region is color-coded according to its digital economy level.]FIGURE 2 | Comprehensive index of digital economy in China from 2000 to 2021.
The digital economy levels in various provinces have shown varying degrees of improvement after the epidemic, especially in areas such as Beijing, Tianjin, and Hebei (BTH) and the Pearl River Delta (PRD). The results indicate that the digital economy index ranges from 0.2 to 0.3 in Guangdong and Jiangsu, from 0.1 to 0.2 in Sichuan and Shandong, and from 0.3 to 0.4 in Henan. The digital economy improvement in Zhejiang Province is also quite significant. The digital economy level in the western region is still relatively low. Figure 3 shows the CEE results for each province.
[image: Two maps of China compare carbon emission efficiency (a) and carbon oxidation efficiency (b) by region. Both maps use varying purple shades; darker indicates higher efficiency. Scale bars show measurement ranges from zero to one hundred twenty-five. Arrows indicate north.]FIGURE 3 | CEE of China from 2000 to 2021. (A) Year 2000. (B) Year 2021.
In Figure 3, CEE shows a reduced tendency in the spatial dimension from east to west. Among them, the CE rate in western regions such as Xinjiang and Gansu has changed from the range of (0.25) in 2000 to the range of (25.50) in 2021. In terms of the time dimension, the CEE of most cities has improved, with significant growth observed in the eastern regions dominated by Jiangsu and Zhejiang and the southwestern regions dominated by Sichuan and Chongqing. The CE rates in Shanghai and Tianjin have exceeded 100, with a significant increase. The study conducts panel regression and robustness tests on the relationship between digital economy and CE efficiency and examines them from two dimensions of the digital economy. The results are shown in Table 7.
TABLE 7 | Panel regression test results (t-value).
[image: A table displays variables related to CEE with columns for independent variable, dependent variable, CV, and robust test. Values include statistical significance levels, noted with asterisks, indicating significance at 10%, 5%, and 1%. Statistical measures such as DE, DI, ID, and others are listed with associated coefficients and test statistics. The bottom includes Hausman test results and R-squared values for different columns.]Table 7 shows a positive correlation between digital economy and CRE at 1%, with a regression value of 310.289 and the t-value of 9.876. There are also differences in regression analysis between the dimensions of DI, ID, and CRE, with DI significantly improving CRE compared to ID (259.783 > 210.659). On CV, the regression values of Pop, URB, and GI dimensions on the impact of CRE are negative. The URB and GI variables have significant negative effects at 5% and 10%, indicating that population growth and urbanization development rate will accelerate EC to a certain extent, and unreasonable macro interventions may affect the achievement of CRE. Other variables, such as higher FS, indicate a more significant positive effect of CRE, with regression values and t-values reaching 16.334 and 2.146, respectively. The effect of the L-open level on CRE does not exhibit any significant characteristics. The robustness result is the result of replacing the self-variable and control variable with the previous year’s profit growth rate as the dependent variable and then conducting regression analysis on the self-variable and control variable. The robustness test results indicate that the regression results between the digital economy and CE reduction efficiency are consistent with the variable regression results, indicating the feasibility of the results.
5.2 Robustness analysis
To ensure the accuracy of the Hausman test, lagged data on the DED level are utilized as a tool to perform endogeneity robust analysis on variables. Table 8 contains the details of further testing of the model.
TABLE 8 | Endogeneity testing.
[image: Comparison table with two phases. Variables include DE, IV, CV, Year FE, and Urban FEs. For Phase 1: IV is 0.006 with significance, CV is "Yes," KP-LM is 9.25 (p-value 0.002), KP-WF is 31569 (critical value 15.29), Constant term is -0.418. Phase 2: DE is -1.589 with significance, CV is "Yes," KP-LM is 9.33 (p-value 0.003), KP-WF is 22,158 (critical value 16.23), Constant term is 0.129. Year FE and Urban FEs both satisfy in both phases. Note explains p-values and critical value context.]In Table 8, the P of the regression results on KP-LM are all less than 0.005, indicating no identification error. The results of KP-WF show that the values above the 10% critical value are all greater than 15, showing no weak instrumental variable matter. The above results indicate that the selected model is effective. Table 9 presents the results of robustness testing on the digital economy variables.
TABLE 9 | Robustness test data.
[image: A table presents regression results with five columns titled: Dependent variable, Least squares regression results, Replace independent variables, Replace dependent variable, Exclude some data. Variables include DE, DI, ID, Pop, URB, GI, Constant term, and R-squared, with different coefficient values and significance annotators indicated by asterisks for each. Values include positive, negative, and zero coefficients with varying levels of statistical significance, noted by the number of asterisks. R-squared values for each column are 0.627, 0.589, 0.235, 0.458, and 0.702 respectively.]The results in the second and third columns of Table 9 indicate that under the selected instrumental variables, digital economy still shows a positive effect with CRE at the 1% level. Under the least squares method, the regression results show that digital economy and CE have an impact at 5% efficiency. This study calculates the efficiency of CE measurement and replaces the independent and dependent variables with the digital economy innovation and entrepreneurship index based on the per capita real GDP, and the results are shown in the fifth and sixth columns. The replacement of the dependent and independent variables does not exhibit an obvious effect on the regression between digital economy and CEE, with regression values of 0.052 and 0.715 and a significant positive correlation at the 1% level. Differently, compared to the outcomes in the fifth column, the dependent variable, after being replaced, the regression value of Pop is positive, and the government’s macroeconomic regulation shows a negative correlation regression effect. This indicates that government macroeconomic regulation can create a certain economic environment for social innovation and entrepreneurship. The seventh column shows the regression results after excluding certain administrative data. The regression value between digital economy and carbon reduction is 197.321. The above results indicate that the regression results have good robustness.
5.3 Mediation effect analysis
Based on the rationality of the above benchmark content, this study conducts regression tests using AIS and rationalization as mediating variables, as shown in Table 10.
TABLE 10 | Mediation effects from the perspective of industrial structure.
[image: A table displays regression analysis results with two main columns labeled AIS and RSP, further divided into AIS and CEE categories. Variables include DE, DI, ID, Pop, URB, GI, L-open, FS, and Constant term. The table presents various coefficients and significance levels, indicated by asterisks, for each variable across the categories. Some entries are blank, denoting missing data.]As shown in Table 10, digital economy and AIS have an obvious effect at the 1% level, and the CEE changes significantly. The impact coefficients of digital economy and CEE have decreased, but the significance of RSP on CEE is significantly smaller than that of AIS. The possible reason for this result may be that when AIS occupies a partial mediating position, the updating and upgrading of the EC industry requires a relatively slow process, so the CEE effect demonstrated by rational resource allocation is slower. Table 11 conducts an ME test from the perspective of energy.
TABLE 11 | Mediation effects from the perspective of energy.
[image: Table showing variable coefficients for different models: ES, CEE, EI, and CEE. DE ranges from -50.169 to 235.169, DI is -0.321, and ID 24.68. Other variables include URB, GI, L-open, FS, and a constant term. Significance levels are indicated with stars.]Table 11 has a significant inactive relation between digital economy and ES, and a decrease in coal consumption can enhance CRE. The larger EI represents a higher degree of digital economy effect and a smaller carbon reduction impact, showing a more significant negative correlation. The adjustment of ES and EI can have a certain mediating effect, but the DED may lead to an increase in the energy input. Table 12 shows the mediating effects under TP.
TABLE 12 | Mediation effects from the perspective of technological progress.
[image: Table displaying variables with corresponding values for TP and CEE. Under TP: DE is 869.257, URB is -9.657, GI is -2.334, L-open is -765.288, FS is -164.259, another DE is 4.125, Constant term is 115.267. CEE values are: DE 348.167, Pop -0.000, URB -0.529, GI -0.598, L-open -0.795, FS 0.254, DE 16.234, Constant term 58.437. Items marked with asterisks denote significance levels. Dashes indicate missing data.]The TP results indicate that the digital economy driving effect on technology is obvious. TP has a negative effect on CRE at the 5% level, which may be related to the conversion cycle of technological achievements. Overall, the significant positive effect of the DED on carbon reduction is still quite evident.
5.4 Spatial effect testing and regional heterogeneity analysis
As shown in Table 13, this study roughly divides the sample data into three parts based on geographical space: eastern, central, and western, and conducts heterogeneity testing.
TABLE 13 | Regional heterogeneity test results.
[image: Table displaying regression results with three regions: East, Middle part, and West. Variables include DE, DI, ID, Pop, URB, GI, and Constant term. R-squared values are 0.512 for East, 0.804 for Middle part, and 0.614 for West. Values in parentheses represent standard errors. Statistical significance is indicated by asterisks.]In Table 13, digital economy is significantly correlated with CEE in all three regions at the 1% level, with regression values of 336.012, 325.167, and 355.661, respectively. The most influential region is the eastern area, followed by the central range. The Pop variable and URB have a negative impact on CEE in the east, while they perform slightly worse in the west. The regression value between L-open and central CEE is negative at the 1% level (−1.688). Subsequently, the SSE of digital economy and CEE are analyzed, and the spatial dependency relationship of indicator data is analyzed by introducing a weight matrix approach. Figure 4 shows the MSP of CEE.
[image: Two scatter plots show data points representing different locations. The left plot includes a trend line with a slight upward slope. The right plot shows a steeper upward trend line. Both plots have axes labeled with numerical values, and each point is marked with location names.]FIGURE 4 | MSP of carbon emission efficiency. (A) Year 2000. (B) Year 2021.
As shown in Figure 4, most provinces are located in high- or low-concentration areas, with a good spatial correlation. The Moran index has changed from a dispersed trend to a gathering trend toward the origin, indicating that the CEE between provinces is decreasing. It should be noted that the CEE in the Yangtze River Delta regions such as Jing and Hu is still relatively high. Subsequently, regression tests are conducted using the SDM, as shown in Table 14.
TABLE 14 | Spatial regression results.
[image: Table comparing variable space weight matrices across three models: adjacency, geographic, and economic distance matrices. For each variable, coefficients and t-values are presented. R-squared values are 0.004, 0.008, and 0.254, respectively, with corresponding log likelihoods of −1925.167, −1890.262, and −1899.634.]Table 14 indicates that the spatial lag coefficients of CEE under three matrices are −3.165, −3.164, and 3.029. This indicates that digital economy exhibits peripheral inhibition when enhancing CEE. Under the EDM, there is an active relationship between digital economy and CEE at the 1% level. From the perspective of CV, Pop and URB exhibit significant SSE. The spatial coefficient between government macroeconomic regulation and L-open is not significant. Regions with similar economic levels have a positive correlation between CEE and the economic level.
6 DEVELOPMENT STRATEGIES AND CARBON REDUCTION REGULATION STRATEGIES FOR DE
While promoting the process of globalization, digital economy also constructs the development format of global information technology and economic system structure. As an endogenous driving force for economy development, it effectively promotes the rationalization and ISU, reducing the hindrance of spatial distance to production efficiency. This study is based on the HQD perspective and analyzes the CE reduction and CFP impact mechanism under DE. The digital economy level in various Chinese provinces has improved to varying degrees after the epidemic, especially that in BTH, PRD, and other regions are more obvious. The coefficient of influence between digital economy and CEE has decreased, but the significance of RSP on CEE is significantly smaller than that of AIS. The reason may be that when AIS plays a partial mediating role, the upgrading of the EC industry requires a relatively slow process, so the CEE effect demonstrated by rational resource allocation is slower. The adjustment of ES and EI can have a certain mediating effect, but the DED may lead to an increase in the energy input. The regression results show that in various provinces of China, the digital economy is significantly positively correlated with CE reduction efficiency at the 1% level. This result is similar to the research findings by Zhong et al. (2022) and Wu et al. (2023). Zhong believes that the digital economy can effectively reduce agricultural carbon intensity by improving agricultural technology. The ME under technological regulation is consistent with the research results of energy technology regulation on CEE (Zhong et al., 2022). Wu believes that the integration of technology-intensive manufacturing can effectively leverage the multiplier effect of CE reduction. The research found that there is heterogeneity in the development of digital economy and CE in various provinces of China (Wu et al., 2023). The CEE of the digital economy in the three regions of East, Central, and West is significantly correlated at the 1% level, with regression values of 336.012, 325.167, and 355.661, respectively. The regression value between the degree of openness to the outside world and the CEE of the central region has a significant negative effect at the 1% level (−1.688). The SSE results show that the CEE between provinces is decreasing. When the digital economy improves CEE, there is a surrounding decrease, and the two have a significant positive impact relationship (at the 1% level) under the economic distance matrix. The CEE in eastern China has significantly increased, which is similar to the results of Shahbaz et al. (2022) on the relationship between digital economy and energy transition. There are differences in the energy structure among different regions, which are related to the conversion efficiency and energy emission efficiency of regional economic activities.
Compared to the research of Gao and Peng (2023) that focused on resource-based cities and the heterogeneity results of Yu et al. (2022) that emphasized spatial differences and SSE, this study has a richer content. In addition, this study suggests that the level of urbanization and macro government intervention may accelerate EC and affect CEE. In contrast, Adams et al. (2020) focused on the relationship between different factors (such as geopolitical risks and economic policy uncertainty) and EC and CEE. Tan et al. (2024) found that the rationalization of industrial structure is directly related to the development of digital economy and the decrease in the consumption level, but there is no specific comparison of the strength of the impact of industrial structure rationalization and industrial structure upgrading. This is different from the research that directly points out that the impact of industrial structure rationalization is smaller than that of industrial structure rationalization. The pilot program of low-carbon cities in China has promoted the digital transformation of manufacturing enterprises in pilot cities, and it has significant heterogeneity in enterprises, industries, and regions. It can promote digital transformation by strengthening science and technology fiscal expenditures and alleviating financing constraints (Zhao et al., 2023). Xu et al. (2024b) constructed a performance ranking technique based on ideal solution similarity to analyze the development status of new urbanization. They believed that the new urbanization policies significantly suppressed CE in pilot cities, and economic and population urbanization were important influencing factors, showing an inverted U-shaped relationship with CE. It is important to note that there is regional heterogeneity between these mechanisms. Therefore, when formulating carbon reduction strategies, it is essential to consider the specific local conditions. (Xu et al., 2024b).
However, it should be noted that in the results of this study, the CEE of the Yangtze River Delta region, including Beijing and Shanghai, is still relatively high. To fully tap into the potential of CE reduction, three countermeasures are proposed for research. First, it is imperative to accelerate the industrialization of the digital economy, promote the integration of green industries and traditional economic sectors, and facilitate carbon reduction through the implementation of sustainable development principles. Second, in response to regional development differences, it is necessary to actively adjust the industrial structure, accelerate industrial upgrading, regulate high CFP industries, and pay attention to the simultaneous realization and maintenance of economic and ecological benefits. Furthermore, the circulation and allocation of enterprise resources must be actively promoted. Third, it is essential to prioritize the optimization of energy structure, the enhancement of energy efficiency, and the completion of a green transformation through strategic investment in technological innovation and the transformation of achievements.
In the context of the dual carbon goals, the analysis of the spatiotemporal characteristics of the digital economy and CEE can clearly demonstrate the basic situation of China’s DED and CEE, providing some reference for relevant departments to formulate targeted goals and policies for the development of the digital economy and for emission reduction. The impact of the digital economy on CEE and its SSE can also provide some reference for some regions to improve CEE through the development of the digital economy. It should be noted that the research mainly discusses the impact and mechanism of the macro-level digital economy on CE. With the gradual improvement in the classification standards for the digital economy industry, it is necessary to objectively measure the impact of CE on different digital economy industries, construct a more comprehensive and perfect indicator system, and increase the richness of data acquisition. This is an important aspect that needs to be improved in future research.
From the perspective of HQD, digital economy needs to focus on environmental protection factors and emphasize the synergistic progress of economic and ecological benefits. The CFP level of industries in different regions is often correlated to their land-use structure. The adjustment of traditional ES can reduce the CFP of regional units, and the digital industry may cause an increase in the energy in the product service life cycle, an increase in the number of digital devices, and the use of information technology resources, causing a significant increase in the growth rate of CFP. The current energy source for electricity production is still traditional energy sources such as oil and coal. The demand for computing power urgently needs to handle the issue of EC. Emphasizing the digitalization and green synergy of digital economy is an important aspect of building the “dual carbon” goal. To fully tap into the potential of carbon reduction, this study proposes three strategies: to accelerate the DED industrialization, promote the integration of green industries and traditional economy, and use the LCSD concept to help reduce CE. The second is to actively adjust the industrial structure, accelerate industrial upgrading, regulate high-CFP industries in response to regional development differences, pay attention to the “simultaneous realization and maintenance” of economic and ecological benefits, and actively promote the circulation and allocation of enterprise resources. The third is to focus on the adjustment of ES, optimize energy efficiency, and complete the green transformation through technological innovation investment and achievement transformation. Most previous research studies have shown that the assessment of CFP requires much data support, and there are differences in the standards for selecting CE among different industries and regions. The relationship between CFP and carbon reduction is closely related, and it is difficult to accurately assess CFP solely through macro surveys of the digital economy. The research results and existing literature both agree that the digital economy has a positive effect on improving CEE. However, the study analyzes the specific impact of spatial differences, urbanization, government intervention, and industrial structure, which covers a wider and more specific range of factors and provides a reference for policy formulation and analysis of the impact on CEE. By analyzing the digital economy and CRE from multiple perspectives and considering the impact of various mediating variables on urban CFP, this study can effectively provide reference values for high-quality urban development.
7 CONCLUSION
The CEE of each province has a decreasing trend in spatial dimensions from the east to the west. In terms of the time dimension, the CEE of most cities has improved, with significant growth observed in the eastern regions dominated by Jiangsu and Zhejiang and the southwestern regions dominated by Sichuan and Chongqing. The regression results demonstrate a significant active correlation between digital economy and CRE at the 1% level, with a regression value of 310.289. The efficiency of DI in improving CER is significantly better than that of ID (259.783 > 210.659). The regression values of Pop, URB, and GI dimensions on the impact of CRE are negative, with URB and GI variables having significant negative effects at 5% and 10%, respectively. This indicates that population growth and the urbanization development rate will accelerate EC to a certain extent, and unreasonable macro interventions may affect the achievement of CRE. However, overall, there are spatial differences (eastern > central > western) and SSEs between the development of the digital economy and CE reduction efficiency, and the CEE among provinces is decreasing.
There are two shortcomings in this research. One is that it is based solely on static simulation analysis to explore the relationship between the development of the digital economy and CE without conducting any long-term dynamic analysis of the relationship between the two. The second is that the selection of indicator data is not comprehensive enough, including the failure to further refine and analyze the industrial digitalization indicators of the secondary industry. It is, thus, recommended that subsequent research studies consider the addition of dynamic modules to explore the impact of the digital economy on the development of total factor productivity. Furthermore, the effects of carbon tax policies, CE trading policies, and other factors on economic structure emissions reduction should be considered. Concurrently, a more comprehensive and detailed indicator system is being constructed to investigate the long-term impact trends of the digital economy and CE.
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Introduction: Against the backdrop of China’s ambitious “dual carbon” objectives and ongoing economic transformation, this study investigates the efficacy of solid waste management reform through the “Zero-Waste City” pilot program.Methods: Utilizing a comprehensive dataset of listed companies from pilot regions spanning 2016-2023, we employ sophisticated double machine learning models to empirically evaluate the program’s impact on corporate green transformation.Results: Our findings demonstrate that the pilot policy implementation significantly accelerates the green transformation trajectory of enterprises within designated regions. Through rigorous mechanism analysis, we identify three primary channels through which the policy operates: enhanced green technological innovation, heightened government environmental oversight, and increased investor environmental awareness. Heterogeneity analysis reveals differential policy impacts across ownership structures and industry characteristics, with more pronounced effects observed in non-state-owned enterprises, non-heavily polluting industries, and traditional (non-high-tech) sectors.Discussion: These nuanced findings provide valuable empirical evidence and policy implications for the strategic expansion of the “Zero-Waste City” initiative during China’s 14th Five-Year Plan period, contributing to the broader literature on environmental policy effectiveness and corporate sustainability transitions.Keywords: “zero-waste city” pilot policy, corporate green transformation, double machine learning, solid waste management, text analysis
1 INTRODUCTION
Global climate change has emerged as one of the major challenges facing humanity in the 21st century. To address this challenge, the international community has committed to controlling global greenhouse gas emissions through a series of global climate agreements such as the Paris Agreement (Nordhaus, 2019). As the world’s largest carbon emitter, China made a “dual carbon” commitment to the international community in September 2020: to peak carbon emissions by 2030 and achieve carbon neutrality by 2060. This commitment not only demonstrates China’s responsibility as a major global power but also injects new momentum into global climate governance (Zhang et al., 2022). The “2023 State Council Government Work Report” further emphasizes the need to balance energy security and stable supply with green and low-carbon development, advancing carbon peaking and carbon neutrality in a scientific and orderly manner (Wang et al., 2022).
However, during the rapid advancement of industrialization, the extensive resource development and utilization model has led to a continuous increase in solid waste generation, becoming a major constraint in China’s pursuit of its “dual carbon” goals (Yu et al., 2022). Data shows that China’s annual industrial solid waste generation has exceeded 3 billion tons, with cumulative stockpiles exceeding 60 billion tons, presenting substantial disposal facility deficits. Solid waste not only occupies vast land resources but also causes environmental pollution, affecting ecological system balance (Padilla-Rivera et al., 2020).
To address solid waste management challenges and promote ecological civilization construction, in December 2018, the General Office of the State Council issued the “Pilot Program for Zero-Waste City Construction,” proposing an urban development model that continuously advances solid waste source reduction and resource utilization, minimizes landfill volumes, and reduces the environmental impact of solid waste to the lowest level through promoting green development methods and lifestyles. In April 2019, the Ministry of Ecology and Environment announced “11 + 5” Zero-Waste City construction pilots, officially launching China’s zero-waste city initiative. In December 2021, the Ministry of Ecology and Environment and other departments issued the “14th Five-Year Plan for Zero-Waste City Construction,” clearly proposing that by 2025, the intensity of solid waste generation should decline rapidly and comprehensive utilization levels should improve significantly.
Zero-waste city construction serves as a powerful tool for deepening comprehensive solid waste management reform and promoting the development of a waste-free society at the urban level (Bi et al., 2024a). As the backbone of social modernization, enterprises can play a crucial role in building zero-waste cities under government guidance. Through incentive policies and tax relief measures, enterprises are encouraged to participate in waste sorting and treatment technology development, forming a complete industrial chain and transforming waste treatment into a quality industry. Taking the collaborative and resourceful treatment process of solid waste as an example, through horizontal integration of various solid waste treatments, we achieve coordinated governance of solid waste management. This approach can significantly enhance the utilization efficiency of various environmental sanitation facilities, while reducing overall transportation costs and lowering total carbon emissions, as shown in Figure 1.
[image: Flowchart illustrating waste management processes. It categorizes waste into domestic, hazardous, industrial, and agricultural types, detailing pathways for recycling, composting, and disposal. Connections lead to recycling materials, energy production, and incineration, highlighting the integration with industries like the cement and energy sectors.]FIGURE 1 | Collaborative processing and resource recovery of solid waste.
The “Zero-Waste City” pilot policy has profoundly impacted corporate green transformation in several ways: First, it requires enterprises to transform their role from passive participants to active bearers of social responsibility, taking responsibility for the entire product lifecycle and constructing a complete system from source innovation to product recycling. Second, through reward policies and tax incentives, the government encourages enterprises to participate in waste sorting and treatment technology development, guiding them to build a complete waste treatment industrial chain. Third, the policy promotes enterprise green production transformation, implementing cleaner production and green design, constructing resource and energy recycling systems across industrial, agricultural, and domestic sectors. Fourth, by participating in zero-waste city construction, enterprises can transform waste treatment into a quality industry, creating new economic growth points. Fifth, enterprises need to cooperate in building intelligent solid waste monitoring systems to achieve whole-process smart closed-loop supervision (Bi et al., 2024b).
Existing literature has extensively discussed the relationship between environmental regulation and corporate green transformation, forming several research streams: First, research on how environmental regulation affects corporate green transformation. Porter and Linde (1995) first proposed that appropriate environmental regulation could incentivize corporate technological innovation, achieving an “innovation compensation” effect. Subsequently, scholars have verified and extended this theory from different perspectives. Chang et al. (2021) found that policy continuity and stability are key factors in promoting enterprise environmental protection technology investment. Zhai and An (2020) pointed out that environmental technology standards promote manufacturing green transformation through technological reformation pathways (Niazi et al., 2023). proposed that corporate green transformation requires managing relationships between enterprises and nature, society, and internal corporate systems to achieve “dual health” of the planet and humans. Ali et al. (2017), examining the impact of mandatory CSR disclosure on corporate green transformation, found that CSR disclosure drives corporate green transformation by strengthening enterprises’ regulatory and normative legitimacy. Krass et al. (2013), based on empirical evidence from China’s A-share industrial listed companies during 2008–2016, verified that environmental taxes have a significant forcing effect on corporate green transformation. Second, empirical research on pilot policy effects. Existing studies show that environmental policy pilots have played a positive role in promoting regional green development, although policy effects vary significantly across regions (Zhang et al., 2021). El-Kassar and Singh (2019) pointed out that national big data comprehensive pilot zones have played a significant role in promoting data resource concentration, sharing, circulation, and utilization, catalyzing the enabling effect of data elements and thus playing a key role in promoting corporate green transformation and sustainable development. Third, research on how policy design influences implementation effects. Qiu et al. (2021) found that policy goal clarity and implementation tool operability significantly impact policy implementation effects based on low-carbon city pilot policy research. Feroz et al. (2021) further pointed out that digital empowerment can enhance environmental policy implementation efficiency.
However, existing research still has the following limitations: First, although scholars have deeply explored the relationship between environmental regulation and corporate green transformation, research on the “Zero-Waste City” pilot policy as a novel environmental regulation tool is relatively insufficient. In particular, there is a lack of systematic theoretical analysis and empirical testing regarding how the policy influences corporate decision-making (Lu, 2019). Second, existing studies mainly focus on the macro-level effects of the pilot policy, with limited exploration of its mechanisms and transmission paths at the micro-level of enterprises. Gangi et al. (2020) pointed out that understanding corporate-level policy responses is crucial for improving environmental governance. Third, in terms of research methods, traditional econometric methods may suffer from endogeneity and omitted variable issues, affecting the reliability of causal inference (Andrews et al., 2019).
Based on these considerations, this study selects listed companies from China’s “Zero-Waste City” pilot areas during 2016–2023 as research samples, employing double machine learning models to systematically examine the impact of the pilot policy on corporate green transformation. Compared to existing research, this paper’s marginal contributions are reflected in three aspects: First, it systematically explores the effects, mechanisms, and heterogeneity characteristics of the “Zero-Waste City” pilot policy on corporate green transformation, enriching theories related to environmental policy and corporate behavior. By constructing a theoretical analysis framework, it reveals multiple pathways through which policy influences corporate green transformation, providing new perspectives for understanding the micro-level mechanisms of environmental regulation. Second, methodologically, this paper introduces double machine learning models for empirical analysis, effectively controlling for covariate effects and significantly improving the accuracy and reliability of causal inference. Third, regarding research data, this paper constructs a corporate green transformation evaluation system based on multi-source textual data using machine learning techniques. Through keyword extraction and analysis, it provides new analytical frameworks and empirical tools for quantitative assessment of corporate green transformation, expanding existing measurement methods in corporate green transformation research.
2 INSTITUTIONAL BACKGROUND AND THEORETICAL HYPOTHESES
2.1 Background of ZWCP (zero-waste city pilot policy)
The concept of a “zero waste” society emerged as a global environmental paradigm in the early 21st century, aligned with broader sustainable development objectives (Assi et al., 2020). Nations worldwide have institutionalized this vision through comprehensive legislative and policy frameworks. Japan pioneered this movement by enacting the “Basic Law for Establishing a Sound Material-Cycle Society” in 2000, subsequently reinforcing its commitment through the “Fourth Basic Plan” in 2019, which delineated seven national initiatives with quantifiable targets for 2025. The European Union demonstrated its dedication to this cause by introducing two landmark policies in 2014: “Towards a Circular Economy: A Zero Waste Programme for Europe” and the “Circular Economy Package,” establishing a comprehensive framework for waste reduction and resource efficiency. Similarly, Singapore articulated its ambitious vision of becoming a “zero-waste” nation in the “Sustainable Singapore Blueprint 2015,” integrating waste minimization into its national development strategy. This environmental paradigm shift has gained particular traction at the municipal level, where cities serve as laboratories for innovative waste management approaches (Kurniawan et al., 2020). Metropolitan centers such as San Francisco, Vancouver, and Stockholm have emerged as pioneers, developing sophisticated zero-waste urban planning frameworks (Zaman and Lehmann, 2013). The C40 Cities Climate Leadership Group, a network of the world’s megacities committed to addressing climate change, has achieved remarkable progress in advancing zero-waste initiatives, demonstrating the effectiveness of city-level action in driving environmental transformation (Sancino et al., 2021). Against this backdrop of global zero-waste initiatives and municipal innovations, China has emerged as a significant player in advancing environmental governance concepts. Prior to the zero-waste city initiative, China had already accumulated valuable experience in environmental policy pilots, having successively designated three batches of low-carbon pilot cities in 2010, 2012, and 2017. Existing research on these “dual carbon” policy pilots has demonstrated their effectiveness in driving green innovation among listed companies in pilot regions, partially supporting the “Porter Hypothesis” that appropriate environmental regulations can stimulate corporate technological innovation (Guo et al., 2025). Building upon this successful experience with low-carbon pilots, China has developed its own comprehensive zero-waste city framework, tailored to its unique urban challenges and developmental context.
China’s zero-waste city initiative was inaugurated in early 2018, embodying a comprehensive approach to urban solid waste management that emphasizes minimization of waste generation, maximization of resource utilization, and optimization of disposal safety (Li et al., 2022). This initiative gained significant political momentum when the CPC Central Committee and State Council explicitly incorporated zero-waste city pilots into their broader environmental governance framework through the “Opinions on Comprehensively Strengthening Ecological Environmental Protection and Resolutely Fighting the Battle Against Pollution” (Zhang and Teng, 2023). The policy framework was further solidified in December 2018 when the General Office of the State Council issued the “Zero-Waste City Construction Pilot Work Plan,” establishing guidelines for selecting approximately ten pilot cities. The program’s implementation phase commenced in April 2019 with the designation of “11 + 5” pilot cities and regions, with Shenzhen and Baotou serving as flagship municipalities in this transformative initiative (Lv and Guo, 2025). The regulatory framework was subsequently enhanced in November 2021 through the collaborative effort of the Ministry of Ecology and Environment and seventeen other governmental departments, resulting in the “Several Opinions on Further Promoting Waste Sorting Work.” This was followed by a crucial policy development in December 2021: the release of the “14th Five-Year Plan for Promoting Zero-Waste City Construction Work.” This comprehensive plan strategically positions zero-waste city development as a fundamental component of China’s carbon peaking and neutrality objectives, introducing sophisticated indicator systems that operate across urban spatial and temporal dimensions (Meng et al., 2021).
2.2 Theoretical analysis and research hypotheses
Guided by the new development concept, zero-waste city construction aims to organically combine solid waste management with economic and social development. Through optimizing urban spatial layout, adjusting industrial structure, innovating production methods, and transforming lifestyles, it achieves resource conservation and environmental protection objectives. From the characteristics and core concepts of zero-waste city construction and green transformation, this policy is expected to promote corporate green transformation. Although initially, zero-waste city construction may increase corporate burdens through mandatory standards and tasks, as the policy progresses, it will gradually demonstrate “compensation effects” and “growth effects” (Qin et al., 2022). The policy’s continuity and stability will incentivize enterprises to invest in solid waste recycling and utilization technologies and adjust production modes, thereby offsetting environmental protection costs (Su, 2020). Based on this, this paper proposes Hypothesis 1.
Hypothesis 1:. ZWCP accelerates green and low-carbon transformation in pilot areas.
The Zero-Waste City Pilot Policy (ZWCP), as a new exogenous mandatory environmental regulation measure, ultimately aims to foster waste-free enterprises and industries, thereby achieving a green and low-carbon urban development model. This policy influences corporate green transformation through multiple mechanisms. From the perspective of green technological innovation, policy continuity and stability will drive enterprises to invest in various solid waste recycling and utilization technologies and transform their production methods (Peng et al., 2022). The policy increases innovation pressure on enterprises, reducing innovation uncertainty through increased research investment and financial support, ensuring enhanced enterprise innovation capabilities. Through technological innovation, enterprises are promoted to transition from traditional production modes characterized by high input, high output, high energy consumption, and high pollution to material-saving, energy-saving, and low-carbon production modes, thus achieving green transformation and upgrading (Tang et al., 2023). From the perspective of government environmental attention, various levels of government departments have significantly enhanced their environmental focus on ZWCP pilot areas and implemented green manufacturing system construction. Almost all pilot cities have established ZWCP construction working groups led by municipal party secretaries and mayors as dual group leaders, incorporating ZWCP construction effectiveness into the performance evaluation criteria of pilot regions. This top-down environmental attention mechanism provides strong institutional guarantees and policy support for corporate green transformation. From the perspective of investor environmental attention, the policy emphasizes increasing financial support for pilot areas, providing enterprises with greater profit potential. Through green finance and other means, it provides financing support for energy-saving and environmental protection industries, encouraging innovation in financial instruments such as green credit and green bonds, which can induce corporate green innovation (Xie et al., 2024). Investors’ environmental attention not only provides financial support for corporate green transformation but also conveys market recognition signals for environmentally friendly enterprises, further promoting corporate development toward green and low-carbon directions. The transmission mechanism of this paper is shown in Figure 2. Based on these considerations, this paper proposes Hypothesis 2.
[image: Flowchart depicting the impact of the Zero-Waste City Pilot Policy (ZWCPP) on corporate green transformation. It shows three pathways: Green Technology Innovation, Government Environmental Attention, and Investor Environmental Attention. Each pathway includes three steps leading to outcomes such as enhanced green innovation capability, strengthened governance, and increased green investment, ultimately resulting in corporate green transformation.]FIGURE 2 | Transmission mechanism.
Hypothesis 2:. ZWCP promotes corporate green transformation by enhancing green technological innovation levels, government environmental attention, and investor environmental attention. Specifically:
	(a) Green technological innovation serves as a mediating factor between the pilot policy and corporate green transformation;
	(b) Government environmental attention serves as a mediating factor between the pilot policy and corporate green transformation;
	(c) Investor environmental attention serves as a mediating factor between the pilot policy and corporate green transformation.

3 RESEARCH DESIGN
3.1 Model specification
This study employs the Double Machine Learning (DML) framework to investigate the causal effect of zero-waste city pilot policy on corporate green transformation. This methodological choice is particularly motivated by the need to address the “curse of dimensionality” and potential functional form misspecification risks in the presence of high-dimensional control variables.
The theoretical framework begins with a partially linear model specification (Chernozhukov et al., 2018). We express the relationship between corporate green transformation [image: I'm sorry, I cannot view the image. Could you please provide a detailed description or upload the image again?] and the zero-waste city pilot policy [image: Mathematical expression showing the variable \(Event_i\) in italic, using a subscript for the index \(i\).] through the following equations:
[image: Graphical representation of a formula: \( \text{Green}_i = \alpha_0 \text{Event}_i + g(X) + U_i \). Equation depicts a relationship in which Green is influenced by Event, a function of X, and an error term U.]
[image: Equation representing a model: \( \text{Event}_i = m(X_i) + V_i \). Labeled as equation (2).]
where [image: It seems there was an error with the image upload. Please try again, ensuring the image is properly attached or provide a URL for the image along with any additional context you might have.] represents our parameter of interest - the policy effect, [image: Please upload the image or provide a URL, and I'll help create the appropriate alt text.] denotes the high-dimensional control variables, and [image: It seems there is no image uploaded. Please upload an image or provide a URL for me to generate the alt text.] and [image: Mathematical notation of the function \(m(\cdot)\), using italics for the letter "m" followed by parentheses containing a centered dot.] are unknown nuisance functions.
To ensure robust inference of the main parameter [image: Alpha subscript zero symbol in LaTeX font style.],we implement Neyman orthogonalization. This approach constructs moment conditions that are robust to estimation errors in the nuisance components:
[image: The image displays the equation: \( p(a, g, m) = ( \text{Event} - m(X_i) ) [ \text{Green} - g(X_i) - a(\text{Event} - m(X_i)) ] \).]
The estimation procedure incorporates cross-fitting to mitigate potential overfitting concerns and ensure valid inference. This involves randomly partitioning the sample into S folds, training machine learning models on complement sets, computing residuals on each fold, and averaging estimates across folds. This approach effectively separates the sample used for nuisance function estimation from that used for parameter estimation.
The DML framework offers several advantageous properties for our analysis. First, it accommodates non-linear relationships in high-dimensional settings. Second, it allows for the integration of various machine learning algorithms in the estimation of nuisance functions. Third, the resulting estimator exhibits asymptotic normality and achieves √N-convergence rates under suitable regularity conditions. Finally, it enables valid statistical inference and the construction of confidence intervals for the treatment effect.
This methodological approach provides a robust foundation for examining the causal relationship between zero-waste city pilot policy and corporate green transformation, while addressing the complexities inherent in high-dimensional economic data analysis.
3.2 Variable definitions and data sources
3.2.1 Dependent variable
Corporate Green Transformation (Green)(1): Following existing literature (Wu and Li, 2022), we employ text analysis methods to construct a corporate green transformation indicator. Specifically, we systematically collected multi-source textual data from A-share listed companies between 2016-2023, including annual reports, corporate social responsibility reports, sustainability reports, environmental reports, and ESG reports. Natural Language Processing (NLP) techniques were applied to quantify information related to corporate green transformation. The indicator construction process involves the following steps:
In the text preprocessing stage, we utilized Python’s jieba word segmentation tool to process 36,705 text samples. Given the technical nature of corporate reports, we supplemented the standard dictionary with specialized green transformation vocabulary and implemented stop-word filtering for text cleaning to improve segmentation accuracy. To ensure quality, we employed stratified sampling for manual verification and correction of the word segmentation results, guaranteeing accuracy and reliability.
For text vectorization, we adopted a combined approach using the Bag of Words model and TF-IDF (Term Frequency-Inverse Document Frequency) weighting method. Specifically, we first converted the text into word frequency matrices using the Bag of Words model, then applied TF-IDF weighting to the frequencies. The TF-IDF method considers both the frequency of terms within individual documents (TF) and introduces inverse document frequency (IDF) to reduce the weight of common words, thereby highlighting distinctive keywords. This approach enables more precise capture of key information reflecting corporate green transformation. To eliminate the impact of varying report lengths, we applied logarithmic transformation to the final word frequencies.
The green transformation indicator developed in this study offers three significant advantages over traditional environmental disclosure indices: 1) Information Completeness: Integration of multi-source textual data provides more comprehensive information coverage. 2) Objectivity: Machine learning-based text analysis effectively reduces subjective scoring bias. 3) Accuracy: The incorporation of TF-IDF weighting enhances the precision of key information identification. These advantages enable our constructed indicator to more accurately reflect the level of corporate green transformation.
3.2.2 Explanatory variable
Zero-Waste City Pilot Program (Event): A significant environmental governance initiative was launched in January 2019 when the General Office of the State Council promulgated the “Zero-Waste City Construction Pilot Work Plan (Liu et al., 2024).” This comprehensive policy framework was collaboratively implemented by 18 central government departments, with the Ministry of Ecology and Environment assuming a leading role. We leverage this policy intervention as a quasi-natural experiment, employing the Double Machine Learning (DML) methodology to rigorously evaluate its causal effects. Drawing upon the official “Zero-Waste City Construction Pilot List” issued by the Ministry of Ecology and Environment in 2019, we construct a binary treatment indicator that assigns a value of 1 to cities designated as pilot zones following the policy’s implementation, while maintaining a value of 0 for non-pilot cities and pre-implementation periods. This identification strategy enables us to isolate the policy’s impact through a carefully structured difference-in-differences framework within the DML context.
3.2.3 Control variables
The Double Machine Learning methodology employs an automated variable selection process from a comprehensive candidate pool, optimizing predictive accuracy while mitigating concerns of variable redundancy. To ensure robust policy evaluation, following the empirical frameworks established by Wan et al. (2021) and Fang et al. (2024a), we incorporate a carefully curated set of control variables that potentially influence corporate green transformation: Firm Size (Size): Operationalized as the natural logarithm of total assets, this metric accounts for heterogeneity in organizational resource endowments. Leverage Ratio (Lev): Defined as the ratio of total liabilities to total assets, this indicator captures the firm’s financial structure and risk profile. Revenue Growth Rate (Growth): Measured through year-over-year changes in operating revenue, this variable reflects the firm’s growth trajectory and market expansion capabilities. Cash Flow Ratio (Cashflow): Computed as net operating cash flow scaled by total assets, this measure assesses the firm’s operational efficiency in generating cash resources. CEO Duality (Dual): A binary indicator taking the value of 1 when the positions of chairman and CEO are consolidated under single leadership, and 0 otherwise, controlling for governance structure variations. Herfindahl-Hirschman Index (HHI): Incorporated to quantify industry concentration and competitive dynamics, providing insights into market structure characteristics. Firm Age (Age): Calculated as the temporal span between firm establishment and the observation year, this variable accounts for organizational maturity and lifecycle effects.
Drawing upon the methodological innovations of Zhang and Li (2023), we enhance our Double Machine Learning framework by incorporating quadratic specifications for all continuous variables to capture potential complex nonlinear relationships within our model. To optimize the high-dimensional covariate selection, we implement a LASSO regularization framework with a three-tier multicollinearity governance mechanism. First, we determine the optimal LASSO penalty coefficient λ through five-fold cross-validation, minimizing prediction mean squared error across validation sets. The optimization process employs a grid search strategy over λ∈[1e-4, 1e4] on a logarithmic scale, accelerated by Bayesian optimization algorithms. Second, we conduct Bootstrap resampling (1,000 iterations) to assess feature selection stability, retaining only covariates with selection probability exceeding 80%. Third, we verify model identifiability by monitoring the condition number κ(X) of the design matrix X ^ T X, maintaining κ < 10 ^ 3 as the threshold criterion. This sophisticated econometric approach offers dual advantages: it efficiently manages high-dimensional control variables while employing an automated selection mechanism to identify the most pertinent predictors, thereby substantially enhancing the precision of our parameter estimates. Furthermore, to address potential endogeneity concerns arising from unobservable heterogeneity, we augment our specification with a comprehensive set of fixed effects at both the temporal (year) and entity (firm) levels, ensuring robust identification of our key parameters of interest.
3.2.4 Mediating variables
Green Technology Innovation (GTI): Building upon the methodological foundations established by Calel and Dechezleprêtre (2016) and Xu et al. (2021), we operationalize green technology innovation through the natural logarithm of green patent applications (lnpatent). Our deliberate selection of patent applications over granted patents is methodologically motivated by the considerable temporal gap inherent in the patent granting process. This time lag could potentially mask the contemporaneous relationship between green innovation initiatives and corporate environmental transformation. Patent application data offers a more contemporaneous indicator of firms’ innovative endeavors, thereby enabling us to capture the dynamic evolution of corporate innovation behavior in response to policy interventions with greater precision. This measurement approach provides a more sensitive instrument for detecting the immediate strategic adjustments in firms’ innovative activities following environmental policy implementation.
Government Environmental Attention (GEA)(2): As a city-level exogenous environmental governance initiative, the Zero-Waste City pilot program affects corporate green transformation primarily through its influence on local governments’ environmental management priorities. The program serves as an institutional catalyst that heightens environmental awareness among local authorities, who subsequently drive corporate green transformation through a combination of policy instruments and regulatory oversight. Drawing on the methodological framework developed by Shen et al. (2020), we systematically analyze Government Work Reports collected from prefecture-level city official portals. Through careful content analysis, we identify and track 53 environment-related key terms. To quantify local government environmental attention, we construct a composite indicator by computing the natural logarithm of these keywords’ occurrence frequency. This measurement approach yields a continuous scale where higher values correspond to stronger governmental focus on environmental issues, allowing us to capture variations in policy emphasis across different administrative regions.
Investor Environmental Attention (IEA)(3): The implementation of the Zero-Waste City Pilot Program may catalyze corporate green transformation through its influence on investor attention to environmental stewardship initiatives. To empirically capture this transmission mechanism, we adopt a sophisticated textual analysis approach developed by Xiong et al. (2023), leveraging comprehensive investor-company interaction transcripts as our primary data source. Our methodological framework involves systematic content analysis of investor inquiries during company interactions. Specifically, we employ a binary classification system: questions containing environmental protection-related terminology are coded as 1, signifying heightened investor awareness and prioritization of corporate environmental initiatives, while other inquiries are coded as 0. To construct our final measure, we aggregate the frequency of environment-focused questions for each listed company on an annual basis and apply logarithmic transformation to address potential scaling issues and enhance distributional properties. This refined indicator provides a quantitative measure of investor environmental attention that captures both the intensity and evolution of market participants’ environmental focus.
This investigation utilizes comprehensive economic data from Chinese A-share listed companies over an 8-year period (2016–2023). To ensure data quality and analytical robustness, we implemented a systematic sample selection protocol with the following exclusion criteria: 1) financial sector enterprises, due to their distinct regulatory environment and accounting practices; 2) companies designated as ST, *ST, or those delisted during the study period, to avoid potential distortions from financially distressed firms; and 3) entities exhibiting substantial missing data, to maintain analytical integrity. The resulting dataset encompasses 25,645 firm-year observations, providing a robust foundation for empirical analysis. The study draws from multiple authoritative databases to ensure comprehensive and reliable data coverage. Corporate financial information was extracted from the CSMAR (China Stock Market and Accounting Research) database, while patent-related data was obtained from the CNRDS (China Research Data Services) platform. Corporate disclosures and reports were sourced from the Juchao Information Network, China’s designated repository for listed company information. Regional macroeconomic indicators were compiled from respective provincial statistical yearbooks to control for geographical economic variations.
Table 1 presents the descriptive statistics for all variables under investigation.
TABLE 1 | Descriptive statistics.
[image: Statistical table displaying variables: Green, Event, Size, Lev, Growth, Cashflow, Dual, HHI, Age, GTI, GEA, and IEA. Columns show observations, mean, standard deviation, minimum, and maximum values for each variable. Each variable has 25,645 observations. For example, Green has a mean of 3.5625, standard deviation of 0.9492, minimum of 0.0000, and maximum of 7.7832.]4 EMPIRICAL ANALYSIS
4.1 Baseline regression
To eliminate the correlation between residual terms and estimation errors (i.e., to avoid endogeneity problems caused by sample overlap), this paper employs the cross-fitting approach proposed by Chernozhukov et al. (2018) for double machine learning empirical analysis. In the experimental design, we adopt a 1:4 sample splitting ratio and use the LASSO regression algorithm for cross-fitting estimation of main and auxiliary regressions, with results shown in Table 2. The empirical analysis consists of three levels: First, in the baseline model controlling only for firm and year fixed effects (Column (1)), the estimated coefficient of the core explanatory variable is 0.1154, significant at the 5% level, preliminarily verifying that the Zero-Waste City Pilot Program (ZWCP) has a significant promoting effect on corporate green transformation. Second, to mitigate potential omitted variable problems, we gradually introduce first-order terms (Column (2)) and second-order terms (Column (3)) of control variables based on the baseline model. The results show that under all model specifications, the estimated coefficients of the core explanatory variable Event maintain robust positive effects at the 5% significance level, strongly confirming that the ZWCP can significantly enhance the level of corporate green transformation in pilot areas, thereby validating Hypothesis 1 of this study.
TABLE 2 | Baseline regression.
[image: Table showing regression results with three models labeled Green. Each row presents coefficients and standard errors for Event and _cons, with significance levels indicated. Controls include single term, quadratic term, year fixed effects, and firm fixed effects, with observations totaling 25,645 for each model. Significance is noted as follows: *p < 0.1, **p < 0.05, ***p < 0.01.]4.2 Robustness checks
To ensure the validity of our findings, we conduct a comprehensive series of robustness tests examining the impact of the Zero-Waste City Pilot Program (ZWCP) on corporate green transformation.
4.2.1 Alternative sample splitting ratios
Building upon the methodology of Zhang and Li (2023), we assess the robustness of our empirical results by implementing alternative sample splitting strategies in our double machine learning framework. We modify the baseline 1:4 sample splitting ratio to 1:3 and 1:5, respectively, and conduct new estimations. Table 3 presents these results. Notably, across different sample splitting specifications (1:3 in Column (1) and 1:5 in Column (2)), the estimated coefficients of our key explanatory variable Event remain not only statistically significant but also consistently positive, with magnitudes closely aligned with our baseline estimates. This consistency across different specifications strongly reinforces the robustness of our baseline findings and lends additional credibility to our empirical results.
TABLE 3 | Robustness checks Ⅰ.
[image: Statistical table showing regression results for four models labeled as "Green." The "Event" coefficient is significant in all models, with values of 0.037, 0.041, 0.036, and 0.036 respectively, each at p < 0.01. Standard errors are in parentheses. Controls, firm fixed effects, and year fixed effects are present in all models. Number of observations is 25,645 in all models.]4.2.2 Winsorization analysis
To address concerns about the potential influence of outliers on our estimates, we implement a winsorization procedure at both the 1st and 5th percentiles for all control variables. The estimation results under these alternative specifications are reported in Columns (3) and (4) of Table 3, respectively. Our empirical analysis reveals that even after accounting for extreme observations, the estimated coefficients of Event retain their statistical significance and positive direction, with magnitudes remaining remarkably stable relative to our baseline estimates. This consistency demonstrates that our findings are robust to the treatment of outliers, providing compelling evidence that the documented positive effect of the ZWCP on corporate green transformation is not driven by extreme observations.
4.2.3 Alternative machine learning specifications
To further substantiate the robustness of our findings, we extend our analysis by implementing diverse machine learning methodologies. Specifically, we augment our baseline LASSO regression framework by employing two alternative state-of-the-art machine learning algorithms: Elastic Net, which combines L1 and L2 regularization, and Gradient Boosting, an ensemble learning approach. The estimation results from these alternative specifications are reported in Columns (1) and (2) of Table 4, respectively. The empirical investigation reveals that across these different machine learning architectures, the estimated coefficients of our key explanatory variable Event maintain their statistical significance and positive directionality with remarkable consistency. The magnitude and significance of these effects remain stable across specifications, lending strong support to our main findings. This methodological consistency across different algorithmic approaches provides compelling evidence that our documented positive relationship between the ZWCP and corporate green transformation is robust to model specification and is not an artifact of any particular machine learning algorithm.
TABLE 4 | Robustness checks Ⅱ.
[image: Table displaying regression results across four columns for the variable "Green" under "Event." Coefficients are 0.072, 0.037, 0.045, and 0.047 with standard errors in parentheses, each significant at levels noted by asterisks. The constant "_cons" is listed, with control measures for single and quadratic terms, year and firm fixed effects, all marked "YES." Observations range from 24,999 to 25,645.]4.2.4 Difference-in-differences analysis
To further address potential concerns regarding omitted variable bias, we employ the traditional difference-in-differences (DID) approach as an additional robustness check. This methodology effectively mitigates endogeneity concerns arising from omitted variables by controlling for time-invariant individual fixed effects and common temporal trends. Column (3) of Table 4 reports the estimation results from the DID model. The coefficient of our key explanatory variable Event remains positive and statistically significant, indicating that our main finding—that the ZWCP promotes corporate green transformation—remains robust under alternative econometric specifications, providing further support for our baseline results. Notably, the validity of the DID approach hinges on the parallel trends assumption. To verify this crucial identifying assumption, we conduct a parallel trends test using 2018 (the year before policy implementation) as the base period. As illustrated in Figure 3, the test results support the presence of similar trends between the treatment and control groups prior to policy implementation, satisfying the key identification assumption of the DID methodology.
[image: Line graph showing data points with error bars across seven time intervals: Before 1, Before 2, Current, After 1, After 2, After 3, and After 4. The values fluctuate, peaking at After 1, then slightly declining. Error bars are present for each point, indicating variability.]FIGURE 3 | Parallel trends test.
4.2.5 Propensity score matching analysis
The inherent design of our key explanatory variable—the Zero-Waste City Pilot Program—exhibits substantial exogeneity in its implementation, providing a strong theoretical foundation to mitigate concerns regarding reverse causality in our regression framework. Nevertheless, we acknowledge that pilot and non-pilot cities may exhibit systematic heterogeneity across multiple dimensions, particularly in terms of economic development trajectories and environmental policy frameworks. Such underlying differences could potentially introduce sample selection bias, necessitating methodological refinements to ensure the validity of our policy effect estimates. To rigorously address these identification challenges, we implement a propensity score matching (PSM) methodology to construct a more balanced and comparable analytical sample. Specifically, we employ a one-to-one nearest neighbor matching algorithm with a stringent caliper to optimize the covariate balance between treatment and control observations. Subsequently, we apply our double machine learning framework to this matched sample to re-estimate the treatment effects. The results, presented in Column (4) of Table 4, reveal that the estimated coefficients demonstrate a modest uptick in magnitude while preserving their statistical significance at conventional levels. This consistency in results across different methodological approaches provides compelling evidence for the robustness of our baseline estimates and strengthens the causal interpretation of our findings.
4.3 Mechanism analysis
Given the ongoing academic discourse concerning endogeneity issues in mediation effect models Jiang (2022), we adopt the methodological framework to investigate the transmission mechanisms through which the Zero-Waste City pilot policy affects corporate green transformation. This approach focuses on identifying the causal relationships between core explanatory variables and mechanism variables. The three mechanism variables identified in this study have been confirmed by existing literature to influence green transformation: green technology innovation (Liu et al., 2024), government environmental attention (Chen et al., 2024), and investor environmental attention (Xiong et al., 2023). The corresponding proxy indicators have been presented in the previous sections. The proxy indicators for these variables have been elaborated in previous sections. The empirical results of our mechanism analysis are presented in Table 5. The estimation results in Column (1) reveal that the coefficient of Event is 0.249, which is statistically significant at the 10% level. This finding provides empirical evidence that the Zero-Waste City pilot policy substantially enhances corporate green transformation through the promotion of enterprises’ green innovation capabilities. More specifically, enterprises under the policy framework demonstrate increased commitment to green technology research and development initiatives. These innovative practices yield dual benefits: the optimization of production processes and the advancement of cleaner production technologies alongside improved circular resource utilization. Consequently, this facilitates a fundamental transition from conventional production paradigms to environmentally sustainable development models. Columns (2) and (3) report the empirical findings with environmental attention measures as dependent variables. The Event coefficients exhibit statistically significant positive values for both governmental and investor environmental attention metrics. These results strongly suggest that the Zero-Waste City pilot policy generates a dual effect: it enhances policy effectiveness and resource allocation efficiency while simultaneously influencing investors’ financing strategies. This dual mechanism strengthens enterprises’ commitment to green transformation and catalyzes their progression toward enhanced environmental performance. These empirical findings provide robust support for Hypothesis 2.
TABLE 5 | Mechanism analysis.
[image: Table showing regression results across three columns labeled 1, 2, and 3, each titled "Green." The event coefficient values are 0.027, 0.033, and 0.048 with varying significance levels indicated by asterisks. Standard errors are in parentheses. Control variables include single and quadratic terms, year, and firm fixed effects, with 25,645 observations for each model. Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01.]4.4 Heterogeneity analysis
4.4.1 Technology level
We investigate the heterogeneous effects of policy interventions across enterprises with varying technological capabilities. Following the methodological framework of (Yao and Wang, 2020), we stratify our sample into high-tech and non-high-tech industries to examine how technological heterogeneity moderates the impact of the Zero-Waste City policy. The empirical results presented in Table 6 reveal an interesting pattern: while the Event coefficient in Column (1) lacks statistical significance, it exhibits strong positive significance in Column (2), suggesting that the policy’s efficacy is particularly pronounced in non-high-tech enterprises’ innovation activities and green transformation initiatives. This asymmetric effect can be attributed to the inherent characteristics of non-high-tech industries, particularly their substantial resource dependence in manufacturing and traditional service sectors. These industries, characterized by more visible waste generation and pollution intensity in their production processes, demonstrate greater responsiveness to the Zero-Waste City policy’s resource management and waste treatment protocols. Furthermore, within non-high-tech industries, green transformation emerges as a strategic differentiator for competitive advantage. The policy framework enables these enterprises to establish environmental leadership positions, consequently enhancing their market positioning and brand equity (Chen et al., 2025). Conversely, high-tech industries, already equipped with advanced innovation capabilities and established environmental protocols, exhibit diminishing marginal returns to additional policy interventions due to their pre-existing technological sophistication in waste management.
TABLE 6 | Heterogeneity analysis.
[image: Table displaying regression results across six models labeled Green. Each column shows coefficients and standard errors for variables "Event" and "_cons," with significance levels. Additional rows indicate control variables for single and quadratic terms, year fixed effects, firm fixed effects, and the number of observations. Significance levels are indicated by asterisks, with a note that standard errors are in parentheses and significance is marked by *, **, and *** indicating p-values less than 0.1, 0.05, and 0.01, respectively.]4.4.2 Pollution level
To further explore the policy’s heterogeneous effects, we examine the moderating role of pollution intensity, categorizing enterprises into heavily polluting and non-heavily polluting entities, following Guo et al. (2019). The empirical evidence from Table 6 demonstrates a distinct pattern: while the Event coefficient lacks significance in Column (3), it exhibits robust positive significance in Column (4), indicating enhanced policy responsiveness among non-heavily polluting enterprises. This differential impact can be attributed to several factors. First, the pilot policy’s clear regulatory framework and support mechanisms facilitate more efficient adaptation of production processes and management systems among non-heavily polluting enterprises. Second, these enterprises typically possess greater operational flexibility in technological innovation implementation. Conversely, heavily polluting enterprises, subject to long-standing stringent environmental regulations, may exhibit “policy fatigue” toward additional environmental initiatives. The Zero-Waste City framework’s specific focus on “industries such as coking, non-ferrous metals, gold, metallurgy, and chemicals” for green mining implementation acknowledges the pre-existing regulatory burden on these heavily polluting sectors.
4.4.3 Ownership structure
Given that the effectiveness of policy interventions may differ across ownership structures, we incorporate state ownership (SOE) as a categorical variable to investigate how ownership heterogeneity moderates the impact of zero-waste city policy implementation. Table 6 presents compelling evidence through event coefficients demonstrating positive significance across both Columns (5) and (6), with notably stronger effects in Column (6), providing robust support for Hypothesis 4c regarding the policy’s enhanced impact on non-SOEs. This differential effect can be primarily attributed to the institutional advantages derived from China’s mixed-ownership reforms, as recent empirical evidence suggests that private enterprises with state-owned shareholders demonstrate enhanced environmental governance capabilities through dual mechanisms: optimized supervision structures and reduced policy constraints (Guo et al., 2023). Several institutional and organizational factors contribute to this enhanced responsiveness: First, non-SOEs typically demonstrate heightened sensitivity to brand reputation and corporate social responsibility considerations, leveraging policy compliance to enhance stakeholder trust and market positioning. Second, their superior operational agility enables more rapid adaptation of production processes and management systems to meet policy requirements, in contrast to SOEs which often face operational constraints due to multiple policy objectives and rigid budgetary systems (Guo et al., 2025). Third, the streamlined governance structures characteristic of non-SOEs facilitate the swift implementation of circular production models mandated by the Zero-Waste City framework, while their market-oriented positioning provides strong incentives for strategic environmental investments. Moreover, their enhanced responsiveness to market signals and stronger innovation incentives under the policy framework, as emphasized in regulatory documents focusing on “nurturing environmental governance and ecological protection market entities,” further enables them to capitalize on environmental cost advantages more effectively.
5 CONCLUSION AND POLICY RECOMMENDATIONS
5.1 Conclusion
China is currently at a crucial stage of economic development. While environmental governance and economic benefits were once viewed as opposing objectives, their synergistic effects actually form the foundation and driving force for sustainable economic development. This study combines the Zero-Waste City pilot policy, implemented in December 2018, with corporate green transformation, employing double machine learning methods to empirically examine their relationship. The findings reveal that the Zero-Waste City pilot policy has significantly promoted green transformation among enterprises in pilot regions. Mechanism tests indicate that this policy encourages corporate green transformation by enhancing enterprises’ green innovation levels and increasing environmental attention from both government and investors. Heterogeneity tests further demonstrate that the pilot policy has particularly significant effects on improving green transformation levels in non-high-tech industries, non-heavily polluting enterprises, and non-state-owned enterprises. However, this study has certain limitations. Due to the relatively short implementation period, the 2019–2023 evaluation window primarily captures initial policy responses while potentially missing long-term adaptation dynamics, as observed in Germany’s Zero-Waste City transition case. Moreover, the generalizability of our findings may be limited by China’s unique institutional context, as international waste management paradigms demonstrate significant variations in policy mechanisms, such as the European Union’s Extended Producer Responsibility (EPR) framework emphasizing market-driven approaches and San Francisco’s “Pay-As-You-Throw” system achieving 80% waste diversion through economic incentives. This suggests the need for future research to employ extended time series data and cross-national comparative analyses to further validate policy effectiveness.
5.2 Policy recommendations
First, incentivize enterprises to actively participate in Zero-Waste City construction and promote corporate green transformation. Regarding fiscal and tax support policies, environmental protection tax exemptions should be granted to enterprises that legally conduct comprehensive solid waste utilization and meet national and local environmental protection standards. In agricultural support and protection subsidies, increase subsidies for comprehensive utilization of livestock manure and straw for organic fertilizer production while simultaneously reducing chemical fertilizer subsidies and expanding government green procurement of recycled products. In terms of financial support, actively promote green financial instruments such as green credit and green bonds, explore green financial support pilots for livestock waste disposal and harmless treatment, support solid waste utilization and disposal industry development, and establish diversified financing channels. In government-invested public works, prioritize the use of comprehensive utilization products made from bulk industrial solid waste. Meanwhile, accelerate the establishment of incentive and constraint mechanisms promoting solid waste reduction, resource utilization, and harmless treatment, with clear specifications for usage scope and proportion requirements.
Second, green transformation of heavily polluting industries is crucial for future Zero-Waste City achievement, requiring more specific environmental governance plans. The regulatory system for heavily polluting industries should be improved by establishing a city-wide smart supervision information platform for solid waste, achieving comprehensive GPS and video coverage for intelligent monitoring. Empirical evidence from pilot cities has demonstrated the effectiveness of such platforms. For instance, Shenzhen’s construction waste smart supervision platform, operated through a “state-owned capital holding + market-oriented operation” mixed-ownership reform model, has achieved remarkable results through three innovative modules: 1) an intelligent sensing layer deploying millimeter-wave radar and weight sensor networks with an error rate below 2.5% for real-time site emission measurement; 2) a blockchain evidence layer based on the Hyperledger Fabric framework, reducing transportation trajectory tampering risks by 92%; and 3) a decision optimization layer using deep Q-learning algorithms for dynamic route planning, reducing average daily mileage by 18.7 km per vehicle (Wang et al., 2024). Another successful case is demonstrated by Hangzhou’s “Zero-Waste Cell” IoT system implemented during the Asian Games venue construction, which achieved a 98.4% closed-loop utilization rate for 2,000 tons of event waste through RFID tracking technology. The system’s success validates the adaptability of intelligent supervision platforms in time-compressed scenarios through distributed edge computing nodes and digital twin technology for waste diversion path optimization (Fang et al., 2024b). Law enforcement personnel can conduct real-time online inspections of enterprises’ solid waste management records and storage standardization through synchronized video, enabling immediate correction of identified issues and forming closed-loop regulatory supervision. Establish a list of key environmental monitoring units for hazardous waste, promote comprehensive intelligent supervision of hazardous waste, and enhance risk prevention capabilities. Improve the environmental credit evaluation system and strengthen joint penalties for dishonest enterprises and practitioners. Fully utilize information technologies such as IoT and GPS to achieve information visualization of solid waste collection, transfer, and disposal, improving supervision efficiency. Establish a multi-level environmental emergency system connecting “enterprise-street-district-city” levels.
Third, solid waste management effectiveness in state-owned enterprises is key to Zero-Waste City construction. Improve assessment mechanisms for state-owned enterprises by incorporating solid waste reduction and resource utilization targets into evaluation systems and establishing comprehensive solid waste management systems. Encourage state-owned capital to increase investment in ecological protection and restoration, supporting technological innovation in solid waste treatment. Actively cultivate third-party markets, encourage specialized third-party institutions to engage in solid waste resource utilization, environmental pollution treatment, and consulting services, fostering leading enterprises in solid waste resource utilization. With government as the responsible entity, promote solid waste collection, utilization, and disposal project implementation and facility operation. While avoiding local government debt increase, legally explore third-party governance or Public-Private Partnership (PPP) models to achieve risk and benefit sharing with social capital.
Fourth, construct a systematic solid waste management innovation system. As the Zero-Waste City policy’s effect on high-tech enterprises’ green transformation remains unclear, establish a comprehensive technical innovation ecosystem for solid waste management integrating “industry integration, urban-industrial integration, and functional integration” through national and local government funding support. Increase support from green low-carbon development funds and environmental protection special funds, ensuring strong scientific and technological service support. Improve talent recruitment incentive policies in solid waste technical and management fields, promoting high-level scientific and technological innovation talent team building. Develop online trading platforms enabling precise matching between solid waste generators and processors, integrating information about waste generation units, processing units, transportation units, and detailed waste conditions and treatment requirements. High-tech enterprises should establish solid waste research platforms, creating technology demonstration and achievement transformation bases. Through setting up research projects (special programs, funds), identifying industry demands, publicizing project information, promoting achievement transformation, and establishing exchange cooperation, promote effective combination and precise investment of talent, information, capital, and technology, strengthening deep integration of industry-university-research collaboration and collaborative innovation, improving the speed and efficiency of scientific research achievement transformation. Meanwhile, solid waste research platforms can also carry public services, enhancing public participation and achieving collaborative governance.
6 NOTES

	(1) Keywords for green transformation include: green, low-carbon, green innovation, green transformation, green upgrading, green mountains and clear waters, carbon reduction, carbon verification, ecological restoration, environmental protection management measures, environmental management systems, environmental management procedures, carbon asset management, energy management, three simultaneities, environmental protection investment, refined management, environmental governance, process control, end-of-pipe treatment, carbon management, carbon emission management, lean management, energy efficiency management, accountability system, performance assessment, environmental impact assessment, environmental responsibility, environmental protection officials, environmental supervision, land reclamation, soil and water conservation, efficiency, energy saving, environmental protection, electricity saving, water conservation, sustainable development, development trends, market prospects, environmental optimization, resource regeneration, new energy development, recycling, circular regeneration, green finance, climate change, alternative technologies, carbon footprint, carbon trading, etc.
	(2) Keywords for government environmental protection attention mainly include: haze, environmental protection, resources, recycling, global warming, acid rain, greenhouse effect, water conservation, afforestation, greening, dust, smoke, exhaust, atmosphere, clear waters, blue sky, sewage, treatment rate, river chief, green space, beautiful, water source, water consumption, particles, joint prevention, joint control, air quality, environmental protection, pollution, energy consumption, emission reduction, sewage discharge, ecology, green, low-carbon, air, sulfur dioxide, carbon dioxide, sustainable, clean energy, fossil fuels, coal, petroleum, natural gas, solar energy, nuclear energy, recycling, etc.
	(3) Keywords for investor environmental protection attention mainly include: environmental protection, pollution, energy conservation and emission reduction, wastewater treatment, etc.
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The digital economy (DE) is an essential transmitter of CO2 within the economic system, significantly impacting carbon emissions and high-quality development. The Yellow River Basin (YRB) and the Yangtze River Economic Belt (YREB), China’s two most important economic regions, are critical strategically for achieving the dual carbon target. This paper uses panel data from the YRB and YREB in China from 2011 to 2021 and adopts fixed and mediating effects to explore the internal impact mechanisms and spatial heterogeneity of the DE and carbon emission intensity (CEI) in the context of new quality productivity (NQP). The research results indicate that (1) the DE can significantly reduce CEI. A 1% increase in the DE reduces CEI by 0.1536% in the YRB and 0.0643% in the YREB, respectively. (2) The DE can affect CEI in the YRB and the YREB through mechanisms such as the economic development level, industrial structure advancement and rationalization, energy structure, and level of technological progress, with industrial structure advancement having the highest impact. (3) The YRB has a lower level of DE development and a higher overall CEI than the YREB. (4) A 1% increase in the DE leads to regional CEI variations: in the upstream of the YRB and YREB, CEI decreases by 0.1424% and 0.1956%, respectively, whereas in the midstream of the YRB, it decreases by 0.1298%, and in the downstream of the YREB, it increases by 0.0707%. We propose accelerating the development of the DE and constructing a green and modernized industrial system to achieve carbon reduction and emission mitigation goals.
Keywords: digital economy, carbon emissions, comparative study, yellow river basin, yangtze river economic belt

1 INTRODUCTION
Excessive CO2 emissions profoundly affect climate change (Jiang et al., 2024), directly and indirectly influencing achieving the Sustainable Development Goals (Hermwille et al., 2023). China is the world’s largest economy and, thus, is crucial in mitigating global climate change (Liu L. et al., 2023; Yu et al., 2023). At the 75th session of the United Nations General Assembly in 2020, the Chinese government proposed ambitious targets to achieve peak carbon emissions by 2030 and carbon neutrality by 2060, demonstrating its commitment to addressing climate change (Li L. et al., 2022; Gao et al., 2017). China has proposed reducing carbon emissions through a dual drive of digital empowerment and green development under NQP framework to achieve sustainable development.
The DE is a significant transmitter of CO2 in the economic system (Wang et al., 2023). According to the “Global Digital Economy White Paper (2024)” released by the China Academy of Information and Communications Technology, the estimated added value of China’s core DE industries in 2023 exceeded 12 trillion yuan, accounting for approximately 10% of GDP. The DE’s rapid development has improved resource utilization efficiency and reduced pollution and carbon emissions. The prospects of this fast-growing sector for lowering carbon emissions are promising. Therefore, an in-depth study of the relationship between DE and carbon emissions is important theoretically for achieving the dual carbon goals. Current research on the impact of the DE on carbon emissions mainly focuses on four aspects: first, the analysis of how the DE affects carbon emissions, such as industrial structure (Lin and Zhou, 2021), technological progress (Yi et al., 2022), energy intensity (Zhang W. et al., 2022), and human capital (Wang et al., 2022b); second, the analysis of regional heterogeneity of this impact is often conducted at different scales, such as the provincial (Chen et al., 2023), the city (Cheng et al., 2023), and the county scales (Ma and Zhang, 2025); third, the impact of various aspects of DE development on carbon emissions involves perspectives of digital city construction (Yang et al., 2022), digital infrastructure development (Zhang et al., 2023), and digital taxation (Zeng and Yang, 2023); and fourth, the impact on different dimensions of carbon emissions, such as the effect of digital finance on carbon productivity (Sun et al., 2023) and the influence of digitalization and industrialization on total factor carbon emission performance (Ma R. et al., 2023). However, these studies typically employed singular and unsystematic indicators of the DE. Moreover, they focused on broad regions, lacking detailed investigations into specific areas and comparative analyses. The impact of the DE on carbon emissions requires further exploration, especially in the context of NQP. As China entered this higher-level form of productivity, there was an urgent need to break away from traditional economic development models and productivity paths, significantly enhancing total factor productivity and, thus, indirectly affecting carbon emissions. Therefore, in the era of NQP, it is important to explore the impact and improvement potential of traditional and NQP paths on carbon emissions under different structures according to the innovative forms of the volatile DE industry, to promote the high-quality green development of carbon emissions and the economy.
To further highlight the differences between the DE and carbon emissions under traditional and new-quality paths, this study compares the YRB and the YREB. The YRB is a crucial base for China’s energy, chemical, and basic industries, traditionally supported by agriculture, energy, and heavy industry. In recent years, it has gradually shifted toward manufacturing and high-tech industries. The YREB represents half of the country’s population and total economic output, with manufacturing, high-tech industries, and modern services serving as key pillars of the economy, possessing broad developmental depth. This research centers on single-region carbon emission evolution (Rong et al., 2023), carbon emission efficiency (Wang and Shao, 2024), CEI (Chen et al., 2022), and driving factors (Wang and Xue, 2023). Despite the research on the DE and carbon emissions in both the YRB and the YREB (Dong and Zhou, 2023; Xu and Ci, 2023), comparative research between these regions under traditional production modes and NQP is lacking. Especially in the context of NQP, developing DE in the YRB and the YREB will have different driving models owing to the regional heterogeneity of carbon emissions, leading to time lags and differences in mechanisms and spatial–temporal distributions. Therefore, studying the DE and carbon emissions in the YRB and the YREB in the context of NQP will help stakeholders and governments formulate differentiated regional development strategies, learning from one another, complementing one another’s strengths, and promoting the high-quality development of the basin economy.
Based on the above, we use panel data from 58 prefecture-level cities in the YRB and 104 in the YREB from 2011 to 2021. We analyze the impact of the DE on CEI in the YRB and YREB by employing fixed and mediating effects, focusing on the intrinsic mechanisms and spatial heterogeneity between the two regions with NQP as a key driving force. This study makes the following marginal contributions: (1) It innovatively constructed an index system of the DE comprising five key dimensions: element configuration, elemental support, innovative performance, digital industrialization, and industry digitalization. This comprehensive framework enabled a scientific measurement of the DE’s development, allowing policymakers and stakeholders to formulate precise development strategies, optimize resource allocation, and foster innovation-driven growth. (2) This study also compared the impact of the DE on CEI under NQP paradigm in the YRB and the YREB. This regional comparison provided valuable empirical insights and practical references for leveraging the DE to drive high-quality development. (3) By integrating Grossman’s theory and the Environmental Kuznets Curve (EKC) hypothesis, the study innovatively explored how the DE empowered NQP to influence carbon emissions. This introduced a novel theoretical framework for relevant research and offered concrete policy pathways to help China achieve its 2030 carbon peak and 2060 carbon neutrality goals. (4) The study revealed the differentiated effects of the DE on CEI under spatial heterogeneity across river basins. The study incorporated economic development, development models, and technological foundations, conducting a detailed assessment of the impact of the DE on carbon emissions across the upper, middle, and lower reaches of the YRB and the YREB. These findings support local governments in formulating region-specific strategies for the DE and carbon reduction policies.
The rest of this paper is organized as follows: Section 3 presents the theoretical framework and research hypotheses. Section 4 outlines the methodology, variables, and data sources. Section 5 presents the empirical results. Sections 6, 7 provide the comparative mechanism analysis and heterogeneity analysis. Finally, Section 8 concludes and provides policy implications. Section 9 discusses the study’s limitations and suggests future research. The technology roadmap is shown in Figure 1.
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2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESES
2.1 Direct effects of DE on carbon emissions
The direct impact of the DE on carbon emissions manifested primarily in three ways. First, as a foundational element of the DE, digital infrastructure reduced the resource dependency of economic development, significantly lowering CEI (Zhang et al., 2023). Second, the DE broke through the regional barriers of data elements and digital technologies through spatial spillover effects. Enhancing resource mobility altered the geographical distribution of data elements, optimized resource allocation, positively influenced the energy-saving and emission-reduction efficiency of neighboring regions, and reduced CEI (Wu et al., 2021; Yi et al., 2022; Bai et al., 2023; Cheng et al., 2023). Third, developing digital technologies increases the input levels of data elements and the output levels of digital innovation, advancing the flow of innovative resources and the integration of industrial resources, enhancing economic operational efficiency and innovation capacity, reducing energy consumption, and decreasing carbon emissions (Zhang W. et al., 2022; Lin and Zhou, 2021). Based on these studies, we proposed Hypothesis 1.
Hypothesis 1. Developing DE positively contributes to decreasing carbon emissions.
2.2 Mediating effects on DE and carbon emissions relationship
NQP refers to the productivity of leading technological innovation and achieving critical disruptive technological breakthroughs. It comprises three key dimensions: the “new economy,” “new industrial forms” and “new technologies” (Zhou and Xu, 2023). As an inherently green type of productivity, it facilitates carbon reduction and emission mitigation. A significant driving force for developing NQP (Zhang and Wen, 2024), the DE directly influenced carbon reduction and sustainable development by transforming NQP and production relations. Grossman and Krueger (Grossman and Krueger, 1991) utilized the LMDI index to decompose the driving factors of carbon emissions into scale, structural, and technological effects, which logically correspond to the three dimensions of NQP, i.e., new economy, industrial forms, and technologies. By integrating Grossman’s theory with the theoretical framework of NQP, we innovatively propose a new theoretical pathway among the DE, NQP, and carbon emissions, as indicated in Figure 2.
[image: Flowchart depicting the relationship between digital economy, new quality production, and carbon emissions control. It includes sections labeled as new economy, industrial forms, and technologies. Arrows show connections among elements like digital infrastructure, consumer behavior, and energy efficiency.]FIGURE 2 | The mechanism between DE, NQP and CEI.
2.2.1 Scale effect
The EKC hypothesis posits an inverted U-shaped relationship between economic growth and environmental pressure, as shown in Figure 3. Environmental pressure increased with economic growth in the initial stages of economic development. However, once economic growth reached a certain level, policymakers and stakeholders recognized that excessive economic development was causing significant ecological damage. Consequently, there was a need to emphasize the dual benefits of environmental and economic sustainability. After implementing protective measures, environmental pressure decreased and the ecological environment improved (Grossman and Krueger, 1995; Yang et al., 2022; Chang et al., 2023).
[image: Graph depicting the environmental Kuznets curve, which illustrates the relationship between economic growth and environmental degradation. The curve is bell-shaped, showing that as income increases, environmental degradation first rises, then decreases.]FIGURE 3 | The Environmental Kuznets Curve (EKC) hypothesis.
The DE, driven by technological and institutional innovations, represents a new economic type integrated with the real economy. Through aspects such as digital infrastructure, industrial digitization, and digital industrialization, it empowered the development of NQP in the “new economy,” with amplifying, overlapping, and multiplicative effects on economic growth (Chang et al., 2023; Zhang and Wen, 2024). According to the EKC hypothesis, carbon emissions are anticipated to decline once the DE attains a certain level of development and the government begins to prioritize the dual benefits of environmental and economic sustainability. Based on these studies, we proposed Hypothesis 2.
Hypothesis 2. The DE empowers the “new economy” dimension of NQP, reducing carbon emissions through the scale effect.
2.2.2 Structural effect
Industry is a fundamental driver of NQP and a key dimension of “new industrial forms,” with structural shifts significantly impacting carbon emissions (Cheng et al., 2023). Within the framework of NQP, the DE influenced carbon emissions through the industrial structure in three main ways. First, the DE empowered NQP by rationalizing industrial structures. On the one hand, data elements exerted a substitution effect, shifting traditional production factors such as land and labor toward innovative configurations involving data and technology (Lu et al., 2024). This shift permitted effective production factors to flow from low-to high-efficiency sectors, leveraging the dividend effect of the DE to upgrade industrial structures, improving green total factor productivity (Lee et al., 2023). On the other hand, carbon emissions were reduced by expanding the economic scale of the tertiary industry and decreasing the proportion of coal consumption (Wang et al., 2022a). Additionally, as the DE transformed traditional industrial structures, employment models in traditional enterprises were also altered, imposing higher requirements on the workforce’s technical skills and professional qualities. The increase in high-tech personnel has increased energy-saving awareness (Edziah et al., 2021), influencing carbon emissions and achieving a virtuous cycle among the population, resources, and the environment. Second, the DE empowered NQP by advancing industrial upgrading. Leveraging its extensive factor coverage, the DE transformed traditional industries toward strategic emerging industries such as high-end equipment manufacturing and low-altitude economy industries. This transition contributed to establishing a modern industrial system, achieving new industrialization, and promoting carbon reduction. Third, the DE fostered the innovative upgrading of industrial production relations in NQP, transitioning industries from segregation to integration. The data elements’ multiplier effect advanced their integration with various production factors, fostering innovative upgrades in industrial production relations, reducing high energy consumption and pollution, and lowering CEI (Wang et al., 2022a; Wang et al., 2022c; Chang et al., 2023; Lan et al., 2023; Lee et al., 2023).
Meanwhile, energy served as a critical pillar for developing NQP and represented an essential dimension of transforming and upgrading “new industrial forms.” Its structural changes profoundly affected carbon emissions. The DE, by leveraging the substitution effect of data elements, empowered NQP, driving disruptive technological innovations that facilitated the transition of the energy structure toward low-carbon and cleaner alternatives. This transformation enhanced energy conservation and emission reduction efficiency (Wu et al., 2021; Zhang W. et al., 2022), effectively lowering CEI and contributing to developing a green industrial system. Based on these studies, we proposed Hypothesis 3.
Hypothesis 3. The DE empowers the “new industrial forms” of NQP, reducing carbon emissions through structural effects.
2.2.3 Technological effect
The rapid advancement of information technology reduced the costs of information transmission and processing (Moore, 1965; Brenner, 1997), contributing to the swift growth of the DE. “New technologies,” a critical dimension of NQP development, involved significant disruptive technological breakthroughs (Zhou and Xu, 2023). The DE, through digital technologies and data elements, empowered NQP to achieve these breakthroughs by enhancing the efficiency and quality of economic operations, optimizing the coordination between economic development and ecological protection, and influencing carbon emissions through three pathways. First, the DE boosted innovation momentum in NQP through digital technologies, achieved high-efficiency innovation transformations, reduced transaction costs for factors such as land and capital, improved transaction efficiency, and lowered energy consumption in economic operations, all of which advanced green, low-carbon development (Lin and Zhou, 2021). Second, the DE utilized the data substitution effect of data elements to empower NQP and drove disruptive technological innovations to improve traditional production methods, facilitated energy structure adjustments, reduced energy consumption, and lowered CEI (Huang, 2023; Zeng and Yang, 2023; Yu et al., 2024). Third, developing digital finance propelled NQP through disruptive technological innovations, spurred the market to create new production methods and business models, generated more green financial products, reduced investment and financing risks, and achieved green digital development, thus affecting carbon emissions (Liu Q. et al., 2023). Based on these findings, we proposed Hypothesis 4.
Hypothesis 4. The DE empowers NQP’s “new technologies,” reducing carbon emissions through technological effects.
3 METHODOLOGY, VARIABLES, AND DATA
3.1 Study area
The major cities within the YRB and the YREB are selected as the study area, as shown in Figure 4. Situated between longitudes 96°–119° E and latitudes 32°–42° N, the YRB covers approximately 795,000 km2, including 42,000 km2 of inland river areas. The YRB’s population constitutes nearly 30% of the national total, with economic development primarily concentrated in the middle and lower reaches—especially in Shandong and Henan provinces, which account for the majority share. The YREB encompasses about 2,052,000 km2, representing 21.4% of China’s total area. As of 2021, its population and regional GDP constitutes 42.9% and 46.4% of the national totals, respectively. Due to their unique geographical areas, populations, and economies, changes in carbon emissions within the YRB and the YREB profoundly affect the entire country. Moreover, under the pathway of NQP, these regions exert different impacts. The study area’s boundaries are delineated by the administrative divisions of prefecture-level cities. Additionally, based on geographical characteristics, the upper, middle, and lower reaches are distinguished to facilitate a comparative analysis of the DE and carbon emissions among the basins.
[image: Map displaying the Yellow River region in yellow and the Yangtze River economic belt in light green. The areas are outlined in blue and red, respectively. Insets show broader regional views.]FIGURE 4 | The geographical locations of the YRB and YREB within the study area.
3.2 Methodology
3.2.1 Entropy method
The entropy method was utilized to reflect the utility value of the information entropy of indicators (Chen et al., 2023). We objectively evaluated the comprehensive DE indicator system, constructed using 18 subindicators and referencing previous studies (Lin and Zhou, 2021; Yang et al., 2022), by applying the entropy method for measuring the DE development levels of 58 prefecture-level cities in the YRB and 104 prefecture-level cities in the YREB from 2011 to 2021.
Initially, the data were standardized as follows:
[image: Mathematical formula showing normalization: \( Y_{ij} = \frac{X_{ij} - \min(X_{1j}, \ldots, X_{nj})}{\max(X_{1j}, \ldots, X_{nj}) - \min(X_{1j}, \ldots, X_{nj})} \).]
where [image: Please upload the image or provide a URL, and I will create the alternate text for it.] denotes the value of subindex j for city i, and [image: Mathematical notation displaying \( Y_{ij} \), with subscripts \( i \) and \( j \).] denotes the standardized value of subindex j for city i in Equation 1. Therefore, the ratio of the subindex j value for city i to the standardized values of subindex j across all cities is given by Equation 2:
[image: The formula shown calculates \( P_{ij} \), where it equals \( Y_{ij} \) divided by the sum of \( Y_{ij} \) from \( i = 1 \) to \( m \). This expression is labeled as equation (2).]
Furthermore, the entropy value of the subindex was calculated as shown in Equation 3:
[image: The formula depicts entropy (\(S_f\)) as the negative product of a constant (\(k\)) and the sum of the probability \(p_i\) times the natural logarithm of the probability \(p_i\), with the sum running from \(i = 1\) to \(m\).]
Where [image: Please upload the image or provide a URL, and I will help create alt text for it.] >0 and [image: It seems there was a formatting issue with the image request. Please try uploading the image again, or provide a link or additional context if available.] ≥0. Subsequently, the redundancy of the information entropy was calculated as [image: It appears you are referencing an image, but I cannot see the actual image. Please upload the image or provide a URL for it, and I will create the alternate text for you.] = 1–[image: It seems like there might have been an error, as no image was uploaded. Please try to upload the image again, and I will provide the alternate text for it.]. Therefore, the weight of subindex j was evaluated using Equation 4:
[image: Equation showing \( w_j = \frac{d_j}{\sum_{n=1}^{n}d_j} \), labeled as equation (4).]
Finally, the weights of the comprehensive DE indicator system were calculated by Equation 5 (as shown in Table 1):
[image: Mathematical equation showing digital exposure index (DEi) calculation: DEi equals the sum from i equals one to n of the product of weights (wi) and probabilities (Pij), where j equals one, two, three, and so on. This is equation number five.]
TABLE 1 | Index system of DE.
[image: A table outlining indicators for digital economy evaluation, categorized into target levels and first-level indexes like Element Configuration, Innovative Performance, Digital Industrialisation, and Digitalisation of Industry. Second-level indexes include Hardware and Software under Element Configuration, with corresponding indicators such as the number of internet access ports. Units, references, and weight metrics are included for each indicator.]3.2.2 Benchmark model
The IPAT model (Ehrlich and Holdren, 1971) is typically used to identify the causes of environmental problems resulting from human activities. The model is as follows:
[image: Equation for environmental impact: \( I = P \times A \times T \), where \( I \) is impact, \( P \) is population, \( A \) is affluence, and \( T \) is technology.]
where I denotes the environmental impact, P denotes the population factors, A denotes affluence, and T denotes the broad level of technology. However, the model is limited for being singly linearized. Consequently, Dietz and Rosa (Dietz and Rosa, 1994) introduced a stochastic error term, extending the IPAT model to the STIRPAT model, allowing a more extensive analysis of the impact of social and ecological factors on the environment. The specific model is as follows:
[image: Equation showing \( I = q_0 \times P^m \times A^a \times T^t \times q_1 \), labeled as equation (7).]
Referring to the study (Li et al., 2023), to reduce the abnormal volatility of the data, Equation 8 was logarithmically transformed as follows:
[image: The image shows a mathematical equation: ln I equals ln q0 multiplied by q1 ln P multiplied by q2 ln A multiplied by q3 ln T multiplied by q4. The equation is labeled as equation eight.]
where [image: It seems like there's a mistake in your request. You mentioned "the image," but it looks like you're referring to a mathematical symbol, \( \phi_0 \). If you have an image you want described, please upload it or provide a URL.] denotes the constant term; and [image: It seems there is no image to analyze. Please upload the image or provide a URL, and I would be happy to help with the alternate text.], [image: It seems like there might be some misunderstanding. The text you provided refers to a mathematical symbol, not an image. If you have an image you'd like me to describe, please upload it or provide a URL.], and [image: It seems there might have been an issue with uploading the image. Please try uploading the image again or provide additional context or a description of the image so I can assist you better.] denote the coefficients of the variables, i.e., the indicator terms. [image: I'm unable to view the image. Please upload the image or provide a URL so I can generate the appropriate alt text.] is the stochastic error term.
The impact of the DE on carbon emissions in the YRB and the YREB were compared by constructing the following research model and Hypothesis 1 following previous theoretical models (Wang et al., 2022b; Wang et al., 2022a; Chen et al., 2023; Ma R. et al., 2023; Wang and Li, 2023):
[image: Statistical model equation: ln CE_it equals a_0 plus a_1 times ln DE_it plus a_2 times ln Erg_it plus a_3 times ln Ppd_it plus a_4 times ln Lopn_it plus a_5 times ln LgS_it plus a_6 times ln Urb_it plus a_7 times ln Lug_it plus epsilon_it.]
where [image: It seems like you're referencing a mathematical expression. For creating accessible content, ensure to provide context or a description that explains what the expression represents or how it is used. If you have an image to upload, please do so, and I can provide an alt text description for it.] denotes CEI of city i in year t, corresponding to [image: Sure, please upload the image you would like alternate text for.] in Equation 8, i.e., environmental impact, serving as the dependent variable; [image: Mathematical notation showing "D subscript E subscript i t" in italic font.] denotes the DE of city i in year t, corresponding to [image: It looks like there was an error displaying the image. Please try uploading the image again, or provide a URL or a description if you can.] in Equation 8, i.e., affluence, serving as the independent variable. Additionally, several control variables were included: [image: Mathematical expression in italic font displaying "P subscript pd superscript it".] denotes the population density of city i in year t, corresponding to [image: Please upload the image, and I will provide the alternate text for it.] in Equation 8, i.e., population factors, measured in people per square kilometer; [image: It appears there might have been an issue with the image upload. Please try uploading the image again or provide a URL and caption if needed.] denotes the environmental regulation of city i in year t, corresponding to [image: To create alt text for an image, please upload the image or provide a URL so I can assist you effectively.] in Equation 8, i.e., the broad level of technology, measured in percentage (%); [image: Stylized text of the mathematical notation "LOPN" with a subscript "it" written in italics.] denotes the level of openness of city i in year t, measured in percentage (%); [image: It seems there might have been a mistake in processing your request. Could you please upload the image or provide more details about it?] denotes the level of government support of city i in year t, measured in percentage (%); [image: Italicized text displays the word "Urbit" with distinct styles for each letter, such as "U" and "r" in italics and "b" in normal script, with "it" in subscript italics.] denotes the urbanization level of city i in year t, measured in percentage (%); and [image: Mathematical expression showing a script capital letter "L" followed by "u" and "g" in italics, with the subscript "it".] denotes the urban greening level of city i in year t, measured in square meters (m2). [image: Certainly! If you could upload the image file or provide a URL, I can give a more detailed description.] is the constant term, i denotes the time fixed effects, t denotes the individual fixed effects, and [image: Greek letter epsilon with subscripts i and t.] denotes the stochastic error term. All variables were logarithmically transformed. Moreover, based on Hypothesis 1, it was assumed that [image: It seems like the image might not have been uploaded. Could you please upload the image or provide more context or a caption?] > 0.
Furthermore, this study investigated the intrinsic mechanisms between DE and carbon emissions by referencing relevant theoretical models (Baron and Kenny, 1986; MacKinnon et al., 2000). The following mechanism model was constructed by introducing the interaction term between the mediating variable and [image: I'm sorry, I can't provide the alternate text for the image as there is no image visible. Please upload the image file, and I'll be happy to help create the alt text for it.] of the explanatory variable in the benchmark regression:
[image: Mathematical equation showing: ln(MEA_it) equals delta_0 plus delta_1 ln(DE_it) plus the sum from k equals 2 to 7 of delta_k ln(C_kit) plus epsilon_it, labeled equation (10).]
[image: Mathematical equation showing a logged function: ln(CE) equal to δ₀ plus δ₁ln(DE) plus δ₂ln(DE) times ln(MEA) plus δ₃ln(MEA) plus the sum from k equals one to nine of δₖln(Cₖ) plus ε. Equation number 11.]
The mediating variable, [image: Mathematical notation showing the term "MEA" with the subscript "it" in italics.] encompassed economic development level ([image: The text shows a lowercase mathematical expression with variables "p", "g", "d", and "p" subscript "i" and "t".]), industrial structure ([image: Certainly! Please upload the image, and I will provide the alternate text for it.]), energy structure ([image: It appears you've referenced an image, but it wasn't uploaded. Please upload the image or provide a URL so I can help create the alt text for it.], and level of technological progress ([image: Please upload the image or provide a URL, and I will create the alt text for you.]). The control variables in Equation 9 were represented by [image: The image contains the mathematical notation "ln C subscript it".]. The estimated coefficients are denoted as [image: If you upload an image or provide a URL, I can help create alt text for it. Let me know if you need any assistance!] ⋯[image: The symbol depicts the partial derivative notation used in calculus, with a curly "d" followed by a subscript "7", indicating differentiation with respect to the seventh variable.] and [image: Please upload the image or provide its URL so I can generate the alt text for you.] ⋯ [image: It appears there's no image attached. Please upload the image or provide a URL for it, and I can help create the alt text for you.], where [image: I'm sorry, I can't provide the alt text without the image. Please upload the image or provide a URL to it.] and [image: Please upload the image you want me to describe, and I will be happy to help with the alternate text.] represent the constant terms. If the estimated coefficients [image: It seems there was an error in uploading the image. Please try uploading the image again, or provide a URL if the image is online. Additionally, you can include a caption for more context.] and [image: If you can provide more context or a description, I can help create alternative text. You can also upload an image directly.] were both significant, the mediating variable mediates between the DE and carbon emissions, verifying Hypothesis 2–4.
3.3 Variable selection and data
3.3.1 Dependent variable
CEI was selected as the dependent variable from an equity perspective, quantifying the relative variation in carbon emissions within the study region. Referring to the study by (Wang and Li, 2023), CEI was estimated as carbon emissions per unit of GDP, specifically the ratio of carbon emissions to GDP for each prefecture-level city.
3.3.2 Independent variable
The DE development index was chosen as the explanatory variable. The World Economic Forum and the G20 defined the DE as “a broad range of economic activities that use digital information and knowledge as key production factors, modern information networks as important activity spaces, and information and communication technologies to drive productivity growth.” Based on theoretical foundations and practical needs, we created an index that accurately reflects the essence of the DE and its impact on economic development. Simultaneously, we thoroughly considered the multidimensional characteristics of DE development to construct a hierarchical index system with strong practical applicability and scalability. Additionally, considering data reliability, availability, consistency, and temporal continuity, we developed a DE index system comprising five key dimensions: element configuration, elemental support, innovative performance, digital industrialization, and digitalization of industry. This framework effectively captures the DE’s growth potential and development trends. We selected 18 specific indicators to measure the DE development index and utilized the entropy weight method to synthesize the indicator system. The specific weights and indicator systems are presented in Table 1.
3.3.3 Mediating variables
The mediating variables were primarily based on Grossman’s “scale–structure–technology” principle and the hypothesis analysis presented in Section 2.2. The mediating variables are as follows.
	(1) Economic development level, Pgdp: This variable originates from the scale effect and the “new economy” dimension. The DE empowered NQP through digital technologies, advancing the deep integration of the digital and real economies, facilitating economic growth (Liu et al., 2024) and subsequently affecting CEI. Per capita GDP directly reflected the level of economic development (Chang et al., 2023). Therefore, we used each prefecture-level city’s per capita GDP to represent the economic development level.
	(2) Industrial structure: This variable is derived from the structure effect and the “new industrial forms” dimension. The industrial structure is formed through market selection under constraints such as technology and the stage of economic development. Its optimization and upgrading can generate a “structural dividend” effect, thereby reducing carbon emissions (Wang et al., 2019). The DE promoted the collaborative development of digital and industrial digitalization through digital technologies, facilitating the innovative flow of production factors (Zhou and Xu, 2023). This empowered NQP to build a modern industrial system. Additionally, data factors had a multiplier effect, allowing for the combination of production factors and fostering industrial integration, which influences the industrial structure and indirectly impacts carbon emissions. Consequently, we selected the advancement and rationalization of the industrial structure to illustrate its mechanistic effects.

Industrial structure advancement, Isa. Data factors possessed broad applicability, empowering NQP to drive the transformation and upgrading of traditional industries to advanced industries. This expanded the proportion of emerging and future industries, achieving green and low-carbon development and reducing carbon emissions. Referring to the relevant study by (Fu, 2010), we employed the cosine method to measure the advancement of the industrial structure. First, spatial vectors were constructed based on the proportions of the primary, secondary, and tertiary industries’ added value to GDP, forming a three-dimensional industrial structure spatial vector [image: Mathematical expression stating \( P_0 = (P_{10}, P_{20}, P_{30}) \), indicating that \( P_0 \) is a tuple composed of three elements: \( P_{10} \), \( P_{20} \), and \( P_{30} \).], where [image: Please upload the image or provide a URL, and I can help generate the alt text for it.] represents the proportion of the ath industry to GDP [image: Please upload the image or provide a URL for me to generate the alt text.]. Subsequently, the angles [image: It seems there is a misunderstanding. It looks like the text may be part of a mathematical expression or formula. Please provide an image file or URL, and I can help generate the alt text for it.]) between [image: It seems like you've mentioned a notation, possibly for a point or parameter \( P_0 \). If you have an image to upload, please do so, and I can help create the alt text for it.] and the vectors representing different industries, [image: It seems there is no image uploaded. Please upload the image or provide a URL for it, and I can create the alt text for you.], [image: Mathematical notation showing the point \( P_2 = (0, 1, 0) \).], and [image: Mathematical notation depicting a vector \( P_3 = (0, 0, 1) \).], were calculated as follows:
[image: The image shows the equation: \( r_b = \arccos \left( \frac{\sum_{a=1}^{3}(P_{ab} \times P_{ao})}{\sqrt{\sum_{a=1}^{3}(P_{ab}^2) \times \sum_{a=1}^{3}(P_{ao}^2)}} \right) \).]
[image: The image shows the mathematical expression \( b = 1, 2, 3 \).]
Subsequently, the industrial advancement value [image: A black letter "G" in a serif font on a white background.] was calculated using the following formula:
[image: Mathematical expression for G equals the double summation of r subscript b. The outer summation is from a equals one to three, and the inner summation is from b equals one to a.]
where [image: It seems like you may have uploaded or referenced an image incorrectly. Could you try uploading it again or providing a clear description?] represents the coordinate values of the three-dimensional vectors [image: Certainly! Please upload the image you would like me to describe.], [image: Please upload the image or provide a URL for me to generate the alt text.], and [image: Please upload the image or provide a link so I can create an appropriate alt text for you.].
Industrial structure rationalization, Isr. Rationalizing the industrial structure refers to the quality of industry aggregation, reflecting the degree of input–output coupling and the effective utilization of resources between industries. Typically, structural deviation is used to measure this; however, this approach neglects the importance of each industry to the economy; additionally, using absolute values complicates the analysis. Therefore, to assist in the study, Gan et al. (Gan et al., 2011) introduced the Theil index (Theil, 1967), which measures the structural deviations in output and employment among different industries and assesses the superior characteristics of each industry in the economy (Yuan and Zhu, 2018). Thus, the Theil index was utilized to calculate the rationalization of the industrial structure using the following formula:
[image: Mathematical formula involving a summation from m equals one to three. The formula is R sub i, t equals the sum of Y sub i, m, t times the natural logarithm of Y sub i, m, t divided by L sub i, m, t.]
Where [image: Illustration of a lowercase letter "i" with a distinct dot above its stem, set against a plain white background. The letter is styled in a classic serif font.] = 1, 2, 3 represents the primary, secondary, and tertiary industries, respectively. [image: Equation displaying the variable \( Y_{i,n,t} \), where the subscripts \(i\), \(n\), and \(t\) are written below the letter \(Y\).] denotes the proportion of the ith industry’s gross regional product in region n during period t, and [image: Mathematical expression showing the symbol L with subscripts i, n, t.] indicates the proportion of employment in the ith industry relative to total employment in region n during period t. When the economy is in equilibrium, [image: The mathematical expression \(R_{i,t}\), featuring the capital letter R with subscripts i and t.] = 0. The smaller the value of [image: The image displays a mathematical notation "R" with subscripts "i, t".], the more rational the industrial structure.
	(3) Energy structure, Ens: The energy structure was derived from the technology effect and the “new technologies” dimension. Digital technologies fostered NQP development by driving the extensive integration of data elements and disruptive technological innovations. This transformation increased the share of green and low-carbon industries while reducing reliance on high-energy-consuming and high-carbon-emitting sectors, such as coal, accelerating the energy structure’s transition and upgrading (Yang et al., 2022; Huang et al., 2023). It also enhanced carbon emission efficiency, reduced energy consumption, and promoted a sustainable balance among the population, resources, and the environment. Because coal has remained China’s primary energy source, its consumption trends effectively reflected adjustments in the energy structure. Therefore, the energy structure was measured by the proportion of coal consumption to total energy consumption in each prefecture-level city (Wang et al., 2022a). Owing to data acquisition considerations, total energy consumption was calculated using natural gas, liquefied petroleum gas, social electricity consumption, and urban heating (including steam heating and thermal power plant heating), converted using standard coal coefficients. The specific formula is as follows:

[image: Equation showing coal proportion: (Urban Heating + Total Social Electricity Consumption) / (Natural Gas + Liquefied Petroleum Gas + Urban Heating + Total Social Electricity Consumption).]
	(4) Level of technological progress, Ltp: The level of technological progress was derived from the technology effect and the “new technologies” dimension. Digital technologies empowered NQP, fostering disruptive technological innovations and achieving efficient transformations that enhanced total factor productivity and improved carbon emission efficiency. Additionally, digital finance drove the innovation of production relations, altered production and consumption patterns, enhanced the technological momentum of industrial forms toward decarbonization, fostered green and low-carbon financial products, reduced carbon emissions, and realized green digital development (Liu Q. et al., 2023; Sun et al., 2023; Tian et al., 2024). Consequently, technological progress was proxied by the number of green patents issued (Bottazzi and Peri, 2007; Wang et al., 2022a).

3.3.4 Control variables
To mitigate the omitted variable bias, control variables potentially influencing the CEP were selected based on the aforementioned STIRPAT theoretical framework, in conjunction with frequency statistical methods and data availability. These variables were subsequently log-transformed:
(1) Level of Opening (Lopn): The level of openness affects energy-saving and emission reduction efficiency through internet-related channels (Wu et al., 2021). Therefore, the opening level was measured by the total import and export trade ratio to GDP (Han et al., 2021). (2) Broad Level of Science and Technology (Erg): Government environmental regulations influence the development of environmental technologies, under which the internet economy impacts total factor carbon emissions to some extent (Kou and Xu, 2022). Consequently, the broad level of science and technology was quantified using the ratio of environmental keywords to the total number of words in government work reports. (3) Population Density (Pop): An increase in population typically stimulates greater consumption demand, leading to elevated industrial and household carbon emissions (Hua et al., 2018). Thus, population density was assessed by the ratio of the permanent population to the administrative area of each region. (4) Level of Government Support: Low government subsidies, such as fossil fuel subsidies, negatively impact economic growth and carbon dioxide emissions (Lin and Ouyang, 2014). Therefore, government support was measured by the ratio of local general public budget expenditure to GDP (Ma R. et al., 2023). (5) Level of Urbanization (URB): The level of urbanization affects the energy efficiency (Han et al., 2021) and consumption per unit of time and space, thereby influencing carbon emissions per unit of space. Accordingly, urbanization was measured by the proportion of the urban population to the total population (Wang et al., 2022a). (6) Level of Urban Greening: Larger per capita areas of urban parks corresponded to greater fixed amounts of carbon dioxide, t positively contributing to local carbon emission control (Chen and Lee, 2020; Wang and Li, 2023). Consequently, the per capita park green space area (Zhang W. et al., 2022; Wang and Li, 2023) determined the level of urban greening.
3.4 Data resources and statistical description
Per data availability and watershed administrative divisions, we used panel data from 58 cities in the YRB and 104 cities in the YREB from 2011 to 2021 to explore the impact of the DE on carbon emissions. CEO was the dependent variable, with the total carbon emission data obtained from the Emissions Database for Global Atmospheric Research. The independent variable, DE, was measured using data sourced from the National Bureau of Statistics, the China Statistical Yearbook, the China Urban Statistical Yearbook, provincial statistical yearbooks, the China Academy of Information and Communications Technology, CINIC, the CNRDS database, local business registration records, prefecture-level city statistical bulletins, local government websites, the China Regional Statistical Yearbook, and the Peking University Inclusive Finance Index. Mediating variables included industrial structure, with data derived from provincial statistical yearbooks; energy structure, with data obtained from the China Urban Statistical Yearbook, provincial statistical yearbooks, and prefecture-level city bulletins; and green technology level, with data sourced from CNRDS. The control variables were measured using data from the National Bureau of Statistics, the China Urban Statistical Yearbook, provincial statistical bulletins, government work reports, and the China Urban Construction Yearbook. Additionally, we applied interpolation to supplement and estimate missing data for certain years in the indicators. Table 2 presents the descriptive statistics of the variables, all of which were log-transformed.
TABLE 2 | Descriptive statistics of the variables (after logarithm).
[image: Table displaying statistical data for different variables across two regions, YRB and YREB. Variables include lnCEI, lnDE, lnErg, lnPop, lnIopn, lnIgs, lnUrb, and lnIug. Data columns cover observations, mean, standard deviation, minimum, and maximum values for each variable in both regions.]4 RESULTS AND DISCUSSION
4.1 DE and CEI characteristics
Figure 5 illustrates the DE and CEI spatial distribution across the YRB and the YREB. The DE’s overall development gradually increased, which was mainly attributed to the promotional effects of national policies such as “Broadband China” “Internet +” and “Big Data Action” (State Council, 2013; State Council, 2015b; State Council, 2015a). The overall development of the DE in the YREB was significantly higher than in the YRB. One possible reason could be that Hangzhou, as the birthplace of China’s DE, generated economic agglomeration effects due to its geographic closeness to neighboring cities, thus promoting economic growth along the Yangtze River.
[image: A series of eight maps of China from 2013 to 2020, colored to show CO2 emission intensity distribution. Green indicates lower intensity and red indicates higher intensity. Over the years, heavy emissions are concentrated in the north-central regions, with noticeable shifts and variations in patterns across different years. Each map includes a color-coded legend for CO2 levels.]FIGURE 5 | Spatial distribution of CEI and DE in the YRB and YREB for selected years.
Overall CEI also gradually decreased, which was closely related to policy guidance emphasizing climate change and constructing an environmentally friendly society, as outlined in the “China’s Policies and Actions for Addressing Climate Change (2011)” white paper and the 12th Five-Year Plan, 13th Five-Year Plan, and 14th Five-Year Plans (Ministry of Ecological Environment, 2011; State Council, 2011; State Council, 2016a; State Council, 2021b). As economic development levels improve, cleaning technology is constantly innovated, reducing the potential energy intensity (Li et al., 2017)and reducing CEI. However, CEI in the YRB continued to be significantly higher than in the YREB, possibly because the YRB served as an essential energy and chemical industrial base in China, characterized by higher industrial pollutant emissions and low-quality, inefficient industrial development with insufficient high-quality progress.
4.2 Benchmark regression results
In the benchmark model, we primarily assessed the direct impact of DE on CEI. In the third row of columns (1) and (2) of Table 3, the coefficients of lnDE for both the YRB and the YREB were negative at the 1% significance level, indicating that DE development significantly reduced CEI. Specifically, each 1% increase in the level of DE development reduced CEI by 0.1536% in the YRB and 0.0643% in the YREB. First, under the “Broadband China” strategy, improving and developing digital infrastructure reduced CEI (Yang et al., 2022). Second, due to the efficient, integrated, and green nature of digital technologies such as big data and artificial intelligence, they enhanced energy efficiency and advanced green technological innovation, reducing carbon emissions (Wang and Li, 2023). Additionally, digital innovation facilitated digital industrialization and industrial digitization, positioning data as a new factor of production, transforming the structure of production factors, and reducing carbon emissions generated in social production. Therefore, Hypothesis 1 was confirmed.
TABLE 3 | Estimation results for the benchmark model.
[image: Regression table showing results for lnCEI as the dependent variable, analyzed over two models: YRB and YREB. Coefficients and standard errors for variables like lnDE, lnErg, lnPop, lnLopn, lnLgs, lnUrb, and lnLug are provided. Significance levels are marked with asterisks. Model YRB shows lnDE: -0.1536, lnErg: 0.0152, lnPop: -0.0271, lnLopn: 0.0216, lnLgs: 0.7096. Model YREB shows lnDE: -0.0643, lnErg: -0.0034, lnPop: -0.0427, lnLopn: 0.0324, lnLgs: 0.3385. Both have high R-squared values. Notes include significance levels.]The first column of Table 3 reflected the key influencing factors of CEI: (1) lnErg positively impacted CEI in the YRB, indicating that the strengthening of environmental regulations in this region increased CEI. (2) lnPop hurt CEI in the YRB. Population agglomeration reduced the scope of pollution diffusion, improving the quality and efficiency of carbon emission purification within the region, thereby reducing CEI. (3) lnLopn positively impacted CEI in both the YRB and the YREB at the 10% significance level, indicating that greater openness was associated with higher CEI. (4) lnLgs positively impacted CEI in the YRB and the YREB at the 1% significance level. Higher government subsidies, such as fossil fuel subsidies, led to greater consumption, which was not conducive to reducing CEI. (5) lnUrb significantly negatively impacted CEI in the YREB. The high level of urbanization in this region promoted improvements in energy efficiency, thereby reducing CEI. (6) lnLug significantly negatively impacted CEI in the YRB. A larger per capita area of urban parks indicated a more substantial carbon sink capacity, which was beneficial for controlling carbon emissions.
4.3 Robustness checks
We employed the instrumental variable method (IV) to address the endogeneity issues arising from omitted variables, reverse causality, or measurement errors. Lagged variables are generally not influenced by the current regression error term, satisfying the exogeneity condition, and are highly correlated with the level of DE development. The lagged value of the DE level, calculated through the principal component analysis, was used as an instrument for the DE level. First, the Hausman test was used to verify endogeneity; it found that the p-values for both the YRB and the YREB were below 0.1, confirming the endogeneity between the DE and CEI. Next, we conducted underidentification and weak instrumental variable tests on the selected instrumental variable. As shown in Table 4, the p-values for the underidentification test in columns (1) and (2) for the YRB and the YREB were both below 0.1, passing the underidentification test (Kleibergen and Paap, 2006). Additionally, the C-D Wald F statistic and the Kleibergen–Paap r Wald F statistic in both regions exceeded the critical values, confirming the weak instrumental variable test. These tests confirmed the robustness of the instrumental variable results.
TABLE 4 | Estimation results for the robustness checks.
[image: Table showing regression analysis results with the dependent variable lnCEI across different models. It includes coefficients for lnDE, tests for underidentification, p-values, C-D Wald F statistics, Kleibergen-Paap rk Wald F statistics, constants, observations, and R-squared values. Notes indicate the significance levels.]Moreover, we conducted three types of robustness checks (as shown in Table 4). (1) Bilateral 1% tailoring: all variables were subjected to 1% two-sided winsorization prior to regression analysis to mitigate the potential adverse effects of outliers on the baseline regression results. The estimation results are presented in columns (3) and (4) of Table 4, where the coefficients of lnDE in both the YRB and the YREB remained significantly negative, ratifying the robustness of the baseline regression. (2) Lag Effects: Following the relevant study by (Chen et al., 2023), all variables except CEI were lagged by one to two periods to examine the impact of lagged effects on the relationship between the DE and CEI. The regression results with a one-period lag are shown in columns (5) and (6) of Table 4, where the coefficients of the DE in the YRB and the YREB were 0.1425 and 0.0556, respectively, both significant at the 1% level. The regression results with a two-period lag are displayed in columns (7) and (8) of Table 4, with coefficients of 0.1681 and 0.0487 for the DE in the YRB and the YREB, respectively (significant at the 1% and 10% levels, respectively). These findings confirmed the robustness of the baseline regression. (3) Excluding Municipalities: Considering that the economic scale of municipalities far exceeds that of other cities, and following (Wang and Li, 2023), we excluded Shanghai and Chongqing from the sample for the regression analysis. The estimated results in column (10) of Table 4 indicate that developing DE inhibited CEI within the YREB, satisfying the 1% significance level. These tests confirmed the robustness of the baseline regression results.
5 MEDIATING EFFECT ON THE NEXUS OF THEDE AND CEI
Based on Hypotheses two to four and Grossman’s theory, we proposed that within the YRB and the YREB, the DE influenced CEI through scale, structural, and technological effects through four potential pathways—economic development, industrial structure, energy structure, and technological progress—as shown in Table 5 and Figure 6.
TABLE 5 | Results of the mediating effects.
[image: Table displaying regression results with various variables and models. Columns are divided into categories like lnPdp, lnIsa, lnIsr, lnEns, and lnLtp, each containing YRB and YREB models. Variables listed include lnDE, lnCEI, lnIsa, and others. Values with significance levels indicated by asterisks are shown along with robust standard errors in parentheses. Notes clarify significance levels as p less than 0.01, 0.05, and 0.1.][image: Flowchart illustrating the impact of digital economy on carbon emissions intensity through direct and indirect effects. The chart shows how variables such as economic development, industrial structure, and energy structure, among others, are influenced by the digital economy, contributing negatively or positively to carbon emissions intensity. Key negative and positive effect values are provided for each influence path.]FIGURE 6 | Results of the mediating effects in the YRB and YREB.
5.1 Mediating effect analysis of scale effect
With reference to studies by (Jaccard, 2001; Brambor et al., 2006), we examined the mediating role of the level of economic development in DE’s effect on CEI using an interaction term between the levels of DE development and economic development in Equations 10, 11. Considering the multicollinearity and model fit, we centered all interaction terms in this paper. The results in columns (1) to (4) of Table 5 indicate that c.lnDE#c.lnpgdp significantly impacted CEI negatively in both the YRB and the YREB. Specifically, a 1% increase in the DE reduced CEI of the YRB and YREB by 0.0703% and 0.0257%, respectively, through improved economic development, with more pronounced results observed in the YRB. This finding aligns with the EKC hypothesis. In the YRB, where the development of DE remains relatively underdeveloped and the traditional economy continues to be dominant, digitalization has a more pronounced enabling effect. A leading driver of economic growth, developing DE enhances resource allocation efficiency and induces structural shifts in production methods and development models. This transformation accelerates the transition toward a technology-intensive and low-carbon economy, potentially facilitating an earlier arrival at the EKC turning point, resulting in a more rapid decline in CEI and fostering sustainable low-carbon development. Therefore, Hypothesis 2 was confirmed.
5.2 Mediating effect analysis of the structural effect
5.2.1 Mediating effect analysis of the Industrial Structure
To comprehensively assess the mediating effect of the industrial structure, it was divided into two pathways: industrial structure advancement and rationalization. The interaction term between the DE development level and industrial structure advancement was used in the estimation Equations 10, 11 to test the mediating role of industrial structure advancement in the impact of the DE on CEI. Columns (5)–(8) of Table 5 indicate that c.lnDE#c.lnIsa negatively affected CEI in both the YRB and the YREB, with industrial structure advancement the most influential pathway among all effects. Specifically, a 1% increase in the DE reduced CEI by 0.6967% and 0.5336% in the YRB and the YREB, respectively, through industrial structure advancement. The study by (Wang et al., 2022c) found that, overall, production structure factors related to the digital industry significantly negatively affected China’s embodied carbon emissions from 2002 to 2017, which aligned with our conclusion on the development of industries toward digitalization and advancement. Both regions thoroughly understood supply-side structural reform, continuously advancing the transformation of industrial structures toward technology-, knowledge-, and innovation-intensive types, such as vigorously advancing strategic emerging industries driven by cutting-edge technologies. However, the pace of traditional industry renewal and development in the YRB was slower than in the YREB. Therefore, utilizing the DE to support the digital and green transformation of traditional industries in the YRB had a more substantial dividend effect, advancing industry reductions of CEI.
The interaction term between the level of DE development and industrial structure rationalization was then used in the estimation Equations 10, 11 to test the mediating role of industrial rationalization. Columns (9)–(12) of Table 5 indicate that c.lnDE#c.lnIsr negatively affected CEI in the YRB. Specifically, a 1% increase in the DE reduced CEI by 0.0711% through industrial rationalization. However, this effect was not significant in the YREB, possibly because the YREB’s industrial rationalization level from 2011 to 2017 was above the national average; thus, the impact of using the DE to achieve green innovation through industrial rationalization was less significant than in the YRB. According to the analysis in Section 4.1, the overall development level of the DE in the YREB was higher than in the YRB. Consequently, we concluded that significant reforms in industrial rationalization were likely less effective at reducing CEI than other beneficial adjustments, such as advancements in the industrial structure.
5.2.2 Mediating effect analysis of the energy structure
The interaction term between the DE development level and the energy structure was utilized in estimation Equations 10, 11 to examine the mediating role of the energy structure. Columns (13)–(16) of Table 5 present the regression results, indicating that c.lnDE#c.lnEns was significant in both YREB and YRB, but had opposite effects. Specifically, a 1% increase in DE results in a 0.1492% reduction in CEI in YREB, while it increases CEI by 0.1115% in YRB. A possible explanation is that, in recent years, the YREB has leveraged digital technologies like artificial intelligence to improve the intelligence and greening of the energy system, continually increasing the proportion of clean and green energy consumption and thus reducing CEI. In contrast, the situation in YRB can be explained from two perspectives. First, the YRB still heavily depends on traditional energy sources like coal, and the lack of diversification in its energy structure has led to increased CEI as DE grows. Second, the energy transition in YRB has been relatively slow; the development of DE has not effectively harnessed the substitution effect of clean and green energy, resulting in concentrated energy consumption and a further rise in CEI. Therefore, while fostering the development of DE, it is essential to accelerate the green transformation of the energy structure to achieve coordinated and sustainable economic and environmental development.
In summary, although some effects were not significant, this did not hinder verifying the structural effect’s mediating role in the impact of the DE on CEI. Therefore, Hypothesis 3 was confirmed.
5.3 Mediating effect analysis of the technological effect
Finally, columns (17)–(20) of Table 5 estimated Equations 10, 11 to test the mediating role of the interaction term between the level of DE development and technological progress on CEI. Columns (19) and (20) showed that c.lnDE#c.lnLtp was significant, with a 1% increase in the DE reducing CEI by 0.0224% and 0.0111% in the YRB and the YREB, respectively, by improving the green technology level. The effect was more significant in the YRB. The findings in the YREB aligned with those of Ma L. et al. (2023). Wang et al. (2022d) demonstrated that ICT agglomeration reduced carbon emissions through technological innovation, particularly when the level of technological innovation surpassed a critical threshold. Our conclusions were logically consistent with this finding. A possible explanation for the more significant mediating effects in the YRB was that the region’s industrial structure was mainly composed of energy and chemical industries, and the level of carbon emission reduction through digital technology was not as advanced as in the YREB. Digital technology plays a crucial role in promoting carbon emission reduction. For the YRB, strengthening the depth of technological development might have amplified the impact of the technical effect. Therefore, Hypothesis 4 was confirmed.
6 HETEROGENEITY COMPARATIVE ANALYSIS
To explore the differences in the impact of the DE on CEI in the YRB and the YREB, we divided each basin into upper, middle, and lower reaches according to their geographic characteristics. We conducted separate estimations for subsamples in each region (Table 6).
TABLE 6 | Estimation results for different watersheds.
[image: Table displaying regression results for the dependent variable lnCEI across various watershed regions (Upstream, Midstream, Downstream) and areas (YRB, YREB). Variables include lnDE, lnErg, lnPop, lnLopn, lnIgs, lnUrb, lnLug, and Constant. Coefficient values and robust standard errors are provided, with significance indicated by asterisks. Observations and R-squared values are listed for each region. Notes clarify significance levels.]First, in the sample regression for each basin, the DE coefficients in the upper and middle reaches of the YRB were significantly negative. Specifically, a 1% increase in DE resulted in a decrease of CEI by 0.1424% and 0.1298% in the upper and middle reaches, respectively. However, developing DE in the downstream reaches did not meaningfully contribute to reducing CEI. From a spatial perspective, the average level of DE development in the upper and middle reaches was lower than in the downstream regions, while the average CEI was higher. Possible explanations for the results in the upper and middle reaches of the YRB include the following: first, the provinces in these areas had relatively low levels of economic development and engaged in significant industrial transfers from downstream areas, leading to a high proportion of traditional and heavy industries. Simultaneously, the development of digital technologies and supporting infrastructure was insufficient, hindering both digitalization and industrial digitalization. The industrial structure was inefficient, with significant carbon emissions. Second, energy consumption intensity was high, while clean energy technologies, such as carbon capture and storage, trailed behind those in downstream regions. An explanation for the situation in the downstream region may lie in its industrial structure, primarily composed of light industries and agriculture, resulting in low CEI and limiting the potential of DE to reduce emissions. Investing in digital technologies, optimizing industrial structures, enhancing regulations on traditional energy sectors, supporting renewable energy industries like wind and solar, and advancing green innovation technologies could help to lower carbon emissions in the upper and middle reaches (Tian et al., 2024).
In the sample regression of the YREB, the DE coefficients were −0.1956 (P < 0.01) and 0.0707 (P < 0.05) in the upper and lower reaches, respectively. This indicated that a 1% increase in DE decreased CEI by 0.1956% in the upstream regions, with an increase of 0.0707% in the downstream regions. However, in the middle reaches, developing DE did not significantly reduce CEI. Figure 7(3), 7 (4) display the quantile distributions of DE and CEI in the YREB, showing that the average levels in some downstream regions were higher than in the upper and middle reaches. These results can be interpreted as follows: in the downstream provinces of the YREB, digital information technology was highly advanced, with industries such as telecommunications and electronic information expanding significantly and actively integrating digital elements, leading to an advanced DE. However, this development was accompanied by substantial electricity consumption, with coal-fired power generation and other high-carbon energy sources comprising a large share of the energy supply, resulting in higher CEI. Additionally, the rapid growth of the logistics industry driven by online shopping led to hidden carbon emissions, particularly in manufacturing and transportation. In the upstream regions of the YREB, near Sichuan and Yunnan, natural advantages such as high altitudes and abundant water flow gradients supported the development of clean hydropower, providing energy for DE. At the same time, these regions were dominated by traditional heavy industries and resource-based sectors, contributing to higher CEI. DE development in these areas assisted in transforming industry, improving energy utilization efficiency, and reducing carbon emissions. In the middle reaches of the YREB, the lack of significant effects on CEI reduction could be explained by the predominance of traditional high-carbon industries and delays in digital transformation, which limited the carbon reduction potential of DE. The insufficient development of digital infrastructure and inadequate application of clean and green technologies further constrained progress toward green transformation and low-carbon development.
[image: Multiple maps and charts depict spatial and temporal variations in a geographical region, with different color-coded zones indicating distinct data categories. Adjacent graphs illustrate data trends and correlations with labeled axes and markers.]FIGURE 7 | Spatial and data distribution of CEI and DE in different watersheds of the YRB and YREB in selected years.
Then, in the overall sample regression of the YRB and the YREB, the effect of DE development on reducing CEI was significant in the upstream regions of both basins, with a more pronounced effect in the YREB than in the YRB. In the middle reaches, the effect was significant in the YRB, while the downstream effects were not significant in either basin. A possible explanation for this was that the YREB’s upstream area has steep terrain, and hydropower development has taken place. At the same time, the upstream area contains many metal industries, and using hydropower-driven electricity helped convert the development momentum, reduce environmental pollution, achieve digital and green development, and lower CEI. This also reflected the differences between the basins.
In 2016, China introduced the “Internet Plus” initiative, marking a critical turning point in accelerating its DE. Following the 2015 Paris Agreement, China reinforced its low-carbon policies 2016, shaping the carbon emissions trajectory. Additionally, the release of the Yangtze River Economic Belt Development Plan Outline (State Council, 2016b) the same year advanced the region’s transition toward high-quality development. Therefore, we selected 2016 as the dividing point, as it was a pivotal year, to provide a more explicit analysis of the development differences in DE and CEI between the YRB and the YREB, as shown in Figure 7. The results indicated that, across the upper, middle, and lower reaches, with few exceptions, the overall level of DE development in the YRB was below that in the YREB, while CEI remained generally higher. A possible explanation was that, since the reform and opening-up, China’s economic center has gradually shifted southward, driving th growth of emerging technology enterprises, such as Huawei and Tencent, in southern provinces, which spurred forward industrial transformation, andupgrades in surrounding areas, advancing green development (Li J. et al., 2022; Wang et al., 2022b).
7 CONCLUSIONS AND POLICY IMPLICATIONS
7.1 Conclusions
Considering the potential relationship between the DE and CEI in the YRB and the YREB, we employed fixed effects and mechanism effects to conduct a thorough study of the impact of the DE on CEI in the context of NQP in the YRB and the YREB from 2011 to 2021. Furthermore, we explored the intrinsic mechanisms and spatial variability of the DE’s influence on CEI and investigated how to achieve green, high-quality development. The study reached the following conclusions: (1) Between 2011 and 2021, the DE played a positive role in reducing CEI in both the YRB and the YREB, with a more pronounced impact observed in the YRB; (2) The DE in the YRB and the YREB affects CEI through scale, structural, and technological effects, aligning with the concepts of the new economy, new industrial forms, and innovations in technology under the theory of NQP. The economic development level, the advancement of the industrial structure, the optimization of the industrial framework, the energy structure, and the level of technological progress varied across the regions. Additionally, digital industrialization and the advancement of green technology highlighted vital developmental pathways through which the DE influences CEI; (3) Overall, from 2011 to 2021, the levels of the DE in both the YRB and the YREB consistently improved, while CEI steadily decreased. However, the overall development level of the DE in the YRB was lower than that of the YREB, and its CEI was higher than that of the YREB; (4) The results of the heterogeneity analysis indicated that the impact of the DE on CEI in the YRB was such that the effect in the upstream region was greater than in the middle reaches, with no significant effect observed downstream. In contrast, in the YREB the upstream effect was greater than the downstream effect, with no notable effect in the middle reaches.
7.2 Policy implications
Achieving national climate goals and the corresponding costs depend entirely on regional actions within the country (Yu et al., 2023). Therefore, based on the research analysis, we proposed several policy implications.
First, cities in the YRB and YREB should emphasize the role of the DE in reducing CEI. The YRB should focus on leveraging the DE to mitigate CEI in the upper and middle reaches, promote the creation of a digital twin of the Yellow River, enhance monitoring and sensing capabilities, improve ecological monitoring, and increase efficiency in addressing carbon emission issues. The YREB should highlight the positive impact of the DE on reducing CEI in both upstream and downstream regions, develop green logistics, strengthen supply chain resilience, and promote smart logistics and low-carbon transportation technologies to minimize carbon emissions in the transportation sector. Additionally, cities in both the YRB and YREB should further enhance digital infrastructure, increase financial investments, and fully utilize technologies such as cloud computing and big data to advance the digital transformation of traditional industries, empowering low-carbon and green development by constructing the DE.
Second, cities in the YRB and the YREB should optimize their economic structures and facilitate the deep integration of industrial upgrades and digitalization, systematically establishing a green and low-carbon modern industrial system. The Yellow River Basin Ecological Protection and High-Quality Development Strategy (State Council, 2021a) provides essential guidance for balancing the region’s economic growth with ecological sustainability. In light of the research findings, cities in the YRB should consider the following: (1) developing strategic emerging industries that integrate production, supply, and demand through innovative resource aggregation, promoting green, low-carbon, and digital development to achieve new scale effects through the integration of digital and physical economies; (2) leveraging the role of industrial clusters and urban agglomerations as demonstration zones for industrial transfer, enhancing the capacity to undertake industrial transfers both domestically and internationally; (3) establishing comprehensive pilot zones for transforming old and new growth drivers, demonstration zones for industrial transformation and upgrading, and bases for new industrialization. For cities in the YREB: (1) further improve the collaborative development of industrial, innovation, and supply chains, promoting their deep integration; (2) accelerate the high-end, intelligent, and green upgrading of traditional industries, enhancing the use of digital technologies to empower the digital transformation of competitive manufacturing sectors in the YREB, create competitive digital industry clusters, build an intelligent manufacturing system with low consumption and high output, and effectively implement the requirements for green and high-quality development.
Third, cities in the YRB and the YREB should accelerate developing green technologies and constructing innovation systems to provide vital technical support for building a high-quality development framework. NQP has inherent characteristics that protect the ecological environment and promote the harmonious coexistence of humans and nature, aligning with green and high-quality development. Therefore, the cities of YRB and YREB should thoroughly prioritize applying new technologies. Cities and governments in the YRB should remove barriers to the cross-regional and cross-basin flow of resource factors, promote the efficient flow of technology as a factor of production, improve resource utilization efficiency, and construct a pilot area for ecological protection and high-quality development. Cities and governments in the YREB should increase investment in the research and development of green technology, encourage industry-university-research cooperation, and use digital low-carbon technology to achieve the green transformation of enterprises. For example, big data technology can monitor emissions in real time and reduce pollution.
Moreover, cities within the YREB accelerated optimizing and adjusting their energy structures by promoting the integration of digital technologies with energy transformation. They advanced the deployment of smart grids and distributed energy systems to improve energy efficiency. Simultaneously, efforts were made to reduce reliance on high-carbon energy, expand the use of renewable sources, and work toward building a clean, low-carbon, safe, and efficient modern energy system.
8 LIMITATIONS AND FUTURE IMPROVEMENTS
Although this study addresses some research gaps in the relationship between DE and carbon emissions, it also has some limitations and research prospects.
First, geographic factors such as land use and urbanization influence the spatial heterogeneity of carbon emissions in the YRB and the YREB. The extent to which spatial and human factors shape the underlying mechanisms remain underexplored. Future studies could incorporate interdisciplinary driving factor detection to investigate further heterogeneity differences across the upper, middle, and lower reaches.
Second, the proportion of coal consumption in the total energy consumption was a proxy for the energy structure. However, due to data availability constraints, equally important factors such as renewable energy penetration and energy efficiency could not be quantitatively examined. Future research should consider these factors to provide a more comprehensive understanding of how energy structure adjustments influence carbon emissions.
Third, our study primarily focused on CEI while overlooking efficiencies due to data limitations. Future research could compare how the development of DE affects the carbon emission efficiency in the YRB and YREB. A multiperspective, multidimensional approach is needed to explore the strategic differences in how the DE contributes to regional carbon peaking and carbon neutrality.
Fourth, the applicability of this research’s findings to other developing countries requires further validation. Economic structures, energy reliance, and policy frameworks likely shaped the effects of DE on carbon reduction. For instance, energy dependencies varied across major river basins, including India’s Ganges and Brahmaputra, Brazil’s São Francisco and Amazon, and Egypt’s Nile. While India and Egypt depend on fossil fuels, Brazil primarily utilizes hydropower. Policy approaches also diverged, with India advancing its digital infrastructure via the India Stack and Brazil prioritizing renewable energy strategies (Empresa de Pesquisa Energética, 2020). Furthermore, data limitations restricted the external validity of the findings. Future research should incorporate multicountry panel data and microlevel analyses to facilitate comparative assessments and inform policy design for sustainable development in emerging economies.
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In the context of the “dual-carbon” goal and the building of a moderately prosperous society, it is of great significance to explore in depth the impact of livelihood development on urban carbon emissions. This paper uses the Human Development Index (HDI) as a proxy for assessing livelihood development. Based on the data of a panel of 41 cities in the Yangtze River Delta urban agglomeration from 2000 to 2021, this study constructs the fixed effect model, mediating effect and moderating effect models to empirically test the impact of livelihood development on CO2 emissions from energy consumption and its mechanism. The HDI of the Yangtze River Delta urban agglomeration exhibited a steady increase from 0.64 in 2000 to 0.81 in 2021, marking a significant leap from a moderate to a very high level of human development, with an overall increase of 27.41%. The results show that there is a significant inverted U-shaped relationship between livelihood development and urban CO2 emissions. Innovation inputs play an intermediary role and investment intensity positively moderates the inverted U-shaped relationship between livelihood development and CO2 emissions. Moreover, the analysis finds that the impact of livelihood development on CO2 emissions varies significantly among regions with different geographic locations and resource endowments. The inverted U-shaped relationship between livelihood development and CO2 emissions is more pronounced in central cities and non-resource-based cities. The above research results show that urban carbon emissions can be effectively reduced by optimizing livelihood development, and provide a scientific basis for achieving the target of carbon peak. This study reveals the relationship between livelihood development and CO2 emissions, provides a new perspective for sustainable urban development, and provides a basis for promoting the simultaneous realization of livelihood development and carbon emission reduction targets in the Yangtze River Delta urban agglomeration.
Keywords: CO2 emissions from energy consumption, human development index, Yangtze River delta urban agglomeration, livelihood development, fixed effect model

1 INTRODUCTION
Human society has now entered the “Anthropocene” (Crutzen, 2002), which means that human activities have become a major driver of global environmental change (Will et al., 2007; Tyrrell, 2011; Zalasiewicz et al., 2011). Global warming and sea level rise are altering the earth system, posing a severe threat to the natural environment and human life, and are mostly driven by human excessive carbon dioxide emissions (Marra et al., 2015; Kijewska and Bluszcz, 2016; Tyagi et al., 2016). China’s economic development and social activities have advanced significantly since the country’s reform and opening up. Notable advancements have been made in education, national health and medical care, and the pace at which people’s livelihoods are developing thanks to economic growth. People’s living conditions have improved more swiftly as a result of the east wind of economic progress. However, China’s traditional and crude approach to development has resulted in large energy consumption and CO2 emissions. According to the IEA’s CO2 Emissions in 2023 report, China’s carbon emissions grew to 12.6 billion tons in 2023, with per capita emissions 15% higher than those of advanced economies (IEA, 2024). A commitment to emission peak and carbon neutrality has been put forth by China in response to the urgent issue of global warming. Enhancing livelihood development and fostering green and low-carbon development are the clear objectives of the 20th CPC National Congress, which emphasized the significance of people’s livelihood and green development. Enhancing people’s quality of life can encourage more economic growth, while economic development itself gives the means and conditions for doing so. Therefore, the growth of people’s livelihoods should have a carbon emission reduction effect, as it is a crucial sector to support China’s social development. Thus, the primary issue that must be addressed as a priority is how to alter the course of development to maximize the improvement of livelihood development at the lowest possible cost to the environment.
Due to the Environmental Kuznets Curve (EKC) hypothesis, CO2 emissions will have an inverted U-shaped tendency to rise and then decline as the economy grows (Kuznets, 1955; Grossman and Krueger, 1995). Studies have generally taken economic growth as an indicator of development. However, human beings are the core beneficiaries of the development process. Thus, the evaluation of development should not only focus on the inputs, but also emphasize the results that the society obtains from the development (Hussain and Dey, 2021). Therefore, the Human Development Index (HDI) provides a more comprehensive measure of the development (Cracolici et al., 2010; Sen et al., 2010; Cumming and von Cramon-Taubadel, 2018). The HDI was first released by the United Nations Development Program in 1990 (UNDP, 1990), and contains three sub-indicators: health, education, and standard of living. It serves as a tool for comprehensively reflect prosperity in the economy, advancement in society, and balance with the environment. It has since become the most influential indicator of human development worldwide (Morse, 2020). Therefore, this paper selects the HDI to measure the level of livelihood development in the Yangtze River Delta urban agglomeration.
Urban agglomerations are becoming the hub for energy resources due to the rapid expansion of urban areas, and they are also taking on more responsibility for reducing carbon emissions. The Yangtze River Delta, the biggest and most economically significant metropolitan agglomeration in China, is not only a pioneer in creating a “happy circle” for people’s livelihood, but also a typical model for energy conservation and emission reduction (He et al., 2021). “14th Five-Year Comprehensive Work Plan for Energy Conservation and Emission Reduction” explicitly proposed to strictly control coal consumption in the Yangtze River Delta Urban Agglomeration. In this context, accurately assessing the carbon emissions from energy consumption and the level of livelihood development in the Yangtze River Delta urban area is highly important. Additionally, it is crucial to empirically evaluate the impact and mechanisms of energy-related carbon emission reductions in livelihood development. These efforts aim to enhance the quality of life for residents and encourage a synchronized peak in carbon emissions.
This paper potentially makes contributions in the following three areas. First, we integrate livelihood development and carbon emissions into a single research framework, offering an innovative approach to enhancing the degree of livelihood development and lowering carbon emissions. Subsequently, we conduct an empirical investigation into the precise pathways by which livelihood development influences carbon emissions, including both innovation inputs and investment intensity. Our goal is to offer recommendations for future initiatives aimed at reducing carbon emissions. Thirdly, to ascertain the varying effects of livelihood development on carbon emissions, we carried out a heterogeneous analysis of urban geographic location and resource reliance.
2 LITERATURE REVIEW
These three distinct strands represent the research that is relevant to this particular investigation. The first strand is the research on CO2 emissions. Research currently conducted indicates that many factors, including population size, urbanization rate, economic development level, and foreign direct investment, have varying degrees of impact on carbon dioxide emissions (Liu et al., 2017; Wang S. et al., 2019; Ma et al., 2022; Wu and Xu, 2023). In terms of research methods of influencing factors, there are mainly IPAT or STIRPAT models, Kaya constant equation and LMDI method (Shao et al., 2016; Chen et al., 2018; Guan et al., 2018; Yang et al., 2022). The STIRPAT model is traditionally defined as the Stochastic (ST) estimation of environmental impacts (I) by regression (R) on population (P), affluence (A), and technology (T) (Wei, 2011).
The second strand focuses on the measurement of livelihood development. Some scholars have constructed different indicator systems for measurement through the understanding of the connotation of livelihood development. For instance, (Chen et al., 2020) selected indicators from the five dimensions of economic progress, quality of life, societal advancement, environmental stewardship, and scientific and technological innovation as an assessment system for the city’s livelihood based on the entropy value method (Chen et al., 2020). Ye et al. (2018) constructed the indicators of the sense of livelihood acquisition and livelihood satisfaction and carried out the questionnaire measurements and empirical analyses. Wang et al. (2022) constructed China’s livelihood development indicator system from the four dimensions of economic prosperity, quality of life, societal progress, and environmental conservation. While some scholars have utilized objective indicators such as Better Life Index, Human Development Index and Genuine Progress Index to measure the level of human wellbeing (Wang et al., 2018; Michalos and Hatch, 2020; Pala, 2024).
The third strand is dedicated to examining the impact of urban development on the reduction of energy-related carbon emissions within the context of livelihood improvement. According to some research, nations with more developed livelihoods typically have greater per capita carbon dioxide emissions and a higher prevalence of environmental issues (Kvon et al., 2019). However, Van Tran’s study shows that environmental quality can be improved by livelihood development (Van Tran et al., 2019). Research on the connection between human development and the decrease of carbon emissions is scarce at the moment. For the most part, it looks at how the HDI affects carbon emissions, but the relationship has not been thoroughly established. The influence of the level of human development on CO2 emissions is found to be industry-specific (Mohmmed et al., 2019). Specifically, the human development index (HDI) has a negative regression coefficient in the agricultural sector. This suggests that human activities can help reduce carbon emissions in this sector. Researchers also found that humans can reduce agricultural carbon emissions through improved farming practices (Aminetzah et al., 2020). For example, Brazil and the United States currently use low- and no-tillage practices on about 40% of hectares, reducing fuel use and denitrification, thereby reducing greenhouse gas emissions. Conversely, in the transportation and bunker sectors, the HDI shows a positive regression coefficient. This implies that human activities have led to increased carbon emissions in these areas. According to the IEA, passenger and freight activity rebounded after the coronavirus (COVID-19) pandemic in 2022, leading to a 3% increase in CO2 emissions from transportation over the previous year (IEA, 2023). Ocean shipping, heavily dependent on bunker fuels, is projected to see ship-source greenhouse gas emissions increase by up to 250% by 2050 from 2012 levels due to rising global freight volumes (Wan et al., 2018). The energy, industry, and manufacturing sectors did not exhibit any significant effects. Using quantile regression based on panel data of emerging economies, Banday and Kocoglu (2023) found that HDI had a significant carbon abatement effect in all quartiles. (Maji, 2019) verified the carbon abatement effect of HDI by employing a systematic GMM approach to assess data from 42 sub-Saharan nations (Maji, 2019). Additionally, (Yumashev et al., 2020) included the HDI’s quadratic term into the model and verified the inverted “U” nonlinear relationship between livelihood development and CO2 emissions (Yumashev et al., 2020). Subsequently, other researchers like (Hussain and Dey, 2021) also used the HDI as an indicator of development and found the existence of environmental Kuznets curves in 30 countries from 1990 to 2016 (Hussain and Dey, 2021). Through a comparison of the model’s GDP and HDI performance, Majewska and Gierałtowska (2022) determined that the model which uses the HDI as a measure of affluence fits better than GDP, based on data from 2000 to 2019 for Central and Eastern European nations.
In general, prior studies have not resulted in a consistent criterion for measuring the level of livelihood development. Furthermore, there is no agreement on how to understand the carbon emission reduction effects of livelihood development. There has been little quantitative investigation of the impact mechanism in the correlation between livelihood development and carbon emissions, and even less on the heterogeneity of these driving relationships. Based on this, the study attempts to investigate through theoretical and empirical analyses the extent to which livelihood development affects urban CO2 emissions, whether or not it shares features with other studies, and what the processes and outcomes of this function are. To be more precise, this paper uses 41 prefecture-level cities in the Yangtze River Delta urban agglomeration from 2000 to 2021 as research samples. Estimates are made first for carbon emissions and the degree of livelihood development. The impact of livelihood development on reducing carbon emissions is then empirically tested using the STIRPAT model. Also, a controlling variable called investment intensity is presented. Subsequently, the geographical and typological diversity of the correlation between the two are examined with the goal of acting as a guide for developing livelihood development plans that complement low-emission development.
3 THEORETICAL FRAMEWORK AND RESEARCH HYPOTHESIS
In the early development stages, industrialization was gaining momentum due to a spike in energy use, particularly from fossil fuels, and significant CO2 emissions from human activity. People’s standard of living was comparatively underdeveloped, and their knowledge of and capacity for environmental protection was constrained. The mid-development phase has witnessed structural changes because of the rise of the service and high-tech sectors, which have slowed down the growth of carbon emissions, reduced reliance on heavy and energy-intensive industries, and raised public awareness of environmental issues. When people’s livelihoods have advanced to a high degree, governments and corporations start to place more emphasis on environmental preservation and sustainable development. People also recognize the necessity to employ “clean energy” and reduce pollution. Society starts to transition to a more sustainable development model with a decrease in carbon emissions when governments start to take action, such as making investments in clean energy and enforcing environmental rules (Yumashev et al., 2020). Consequently, the following hypothesis is put forth:
Hypothesis 1: The livelihood development has a carbon emission reduction effect. And there is an inverted U-shaped relationship between livelihood development and CO2 emissions.
The livelihood development can reduce CO2 emissions by increasing investment in science and technology innovation. The insatiable demand for human’s own development serves as a catalyst for scientific and technical advancement, which in turn serves as a major impetus for energy conservation and emission reduction (Zou et al., 2022). Through legislative support and investment in science and technology education, livelihood development may offer a strong foundation and sustained momentum for scientific and technology innovation. Firstly, livelihood development creates an atmosphere that is conducive to creativity. The livelihood development can influence the introduction of policies by the government in this area. Examples of such policies include those that encourage businesses and research institutions to invest more in innovation by offering R&D funds, tax breaks, intellectual property protection, and other incentives. Secondly, livelihood development offers a consistent flow of skilled individuals who foster innovation. More investment in STEM education, higher spending on education and science and technology, and reasonable modifications to national public budget expenditures based on human development needs will all contribute to the creation of more innovative individuals and offer a human resource base for innovation. Investment in innovation significantly reduces CO2 emissions. More financing for innovation will, on the one hand, lead to decreased CO2 emissions through the development of energy-efficient buildings, the iterative improvement of technology, research and development into renewable energy sources, integration of energy systems, etc. On the other hand, funding for innovation can be used to raise public knowledge of the significance of reducing carbon emissions and to motivate more individuals to live low-carbon lives through public awareness and education, thus lowering CO2 emissions.
Hypothesis 2: Innovation inputs play a mediating effect in the impact of livelihood development on CO2 emissions.
One of the “troika” forces behind economic growth is thought to be investment, and fixed asset investment, which makes up a large portion of investment, has grown to be crucial for fostering economic development and enhancing people’s quality of life (Bond et al., 2010). A moderating effect on the route of livelihood development that influences CO2 emissions could be expected from investment intensity. On the one hand, higher investment intensity might guarantee that the improvement of livelihoods has a favorable effect on cutting carbon emissions. The development of environmentally friendly infrastructure, including green buildings and low-carbon transportation systems, is aided by fixed asset investment. This influences the degree to which the development of livelihood improves the environmental quality. Adjusting investment intensity, on the other hand, increases the desire of enterprises to implement green projects. The need for green development and the need to update the economic development paradigm are being emphasized by the government more and more. It also tends to allocate fixed asset investment to sectors of the economy that are dedicated to developing low-carbon technology and increasing carbon efficiency, which encourages businesses to adopt low-carbon practices and advances the reduction of carbon emissions.
Hypothesis 3: Investment intensity plays a moderating effect in the impact of livelihood development on CO2 emissions.
4 THE VARIABLES, MODEL SETTING AND DATA DESCRIPTION
4.1 Variable selection
4.1.1 Explained variable
CO2 emissions per capita (CE). The measurement of urban CO2 emissions draws on Han and Xie (2017), which extrapolated urban CO2 emissions through energy consumption such as electricity, natural gas, and liquefied petroleum gas. The per capita CO2 emissions were then calculated by dividing the total carbon emissions by the population of each city. The specific calculation method is shown in Equations 1, 2.
[image: Mathematical equation displays: \( I = C_m + C_f + C_r = xE_m + yE_f + \varphi(\eta \times E_c) \).]
[image: The image shows the mathematical equation \( CE = 1/P \) followed by a number in parentheses, represented as "(2)".]
Here, [image: It seems there's an issue with the image. Please try uploading the image again or provide a URL. You can also add a caption for context if you like.] is the urban CO2 emissions; [image: It seems there might have been an error or incomplete input regarding the image. Please upload the image or provide a URL for it, and I will help you create alt text for it.], [image: Please upload the image or provide a URL so I can help create the alt text.], [image: Please upload the image or provide a URL for it. If you have any specific details or context about the image, feel free to include them as well.] are the CO2 emissions from the consumption of natural gas, liquefied petroleum gas and electricity, respectively; [image: It seems like you provided a mathematical notation. If you have an image, please upload it or provide a URL. If you meant to get a description for a mathematical formula like \( E_n \), please provide more context or clarify your request.], [image: It seems there was an issue with the image upload. Please ensure you upload the image file directly or provide a URL. You can also add a caption for more context.], [image: Please upload the image or provide a URL so I can assist you in creating alternate text for it.] denote the natural gas consumption, liquefied petroleum gas consumption and electricity consumption, respectively; [image: It seems like there is no image attached. Please upload the image or provide a URL so I can help create the alternate text.] is the carbon emission factor of natural gas 2.1622 kg-CO2/m3, [image: Please upload the image or provide a URL for it so I can generate the appropriate alternate text.] is the carbon emission factor of liquefied petroleum gas 3.1013 kg-CO2/kg; [image: It seems there was an issue with the image upload, as I cannot process the input you provided. Please try uploading the image again or provide more details. If there's specific context or content you're referring to, let me know!] is the GHG emission factor for the coal power fuel chain, with an equivalent CO2 of 1.3023 kg-CO2/(kW-h), [image: Lowercase Greek letter "eta" displayed in italic font.] is the proportion of coal power generation to total power generation, and [image: Please upload the image or provide a URL so I can generate the alt text for you.] is the number of people in the city at the end of the year.
4.1.2 Core explanatory variable
Human Development Index (HDI). According to the calculation methodology in the Human Development Report 2023–24, the HDI is based on the health, education and standard of living (UNDP, 2024). Then it is measured by calculating the geometric mean of the levels of the indicators in these three dimensions. The calculation method is shown in Equations 3-6.
[image: HDI equals the square root of the product of LEI, EI, and II, labeled as equation three.]
[image: Formula for LEI is shown as: \( LEI = \frac{LE - MinF}{MaxF - MinF} \), referenced as equation (4).]
[image: A mathematical formula for EI is shown: EI equals the average of two fractions. The first fraction is (MYS minus MinF) divided by (MaxF minus MinF). The second fraction is (EYS minus MinF) divided by (MaxF minus MinF). This formula is labeled equation 5.]
[image: The image shows a mathematical formula for II (Inequality Index) calculated as the natural logarithm of GNI per capita minus the natural logarithm of minimum financial resources, divided by the natural logarithm of maximum financial resources minus the natural logarithm of minimum financial resources. It is labeled as equation six.]
[image: Please upload the image you would like me to describe.], [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL so I can assist you with creating alternate text.] and [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL, and I would be happy to help with the alternate text.] are the health, education and standard of living indices, respectively; [image: It seems there was an issue with the image. Please upload the image file directly, and I'll assist you with the alt text.] is the life expectancy at birth, and [image: It seems there was an issue with the image upload. Please try uploading the image again, and I'll be happy to help with the alternate text.] is the mean years of schooling, and [image: Text displaying the letters "EYS" in a stylized font.] is the expected years of schooling, and [image: Text showing the mathematical variable "GNI" subscript "pc."] is the purchasing power-adjusted real GNI per capita; [image: Please upload the image or provide a URL for me to generate the alt text. You can also add a caption for additional context if needed.] is the lower threshold limit for each indicator, and [image: A mathematical equation image displaying "MaxF" with an italicized style, typically used in mathematical contexts to denote a function, variable, or formula.] is the upper threshold for each indicator. The thresholds for each indicator are shown in Table 1. Among them, the calculation of life expectancy and average years of schooling is based on successive national census data measurements to obtain the indicator data for the census years (2000, 2010 and 2020), and then the interpolation and extrapolation methods are used to obtain the data for other years. Data on expected years of schooling are approximated by net or gross enrollment ratios at all levels of education including primary, middle, high school, and university (Liu et al., 2020). For missing data, the enrollment rate of the province was used as a proxy. For the calculation of real GNI per capita, the ratio between GDP per capita measured in RMB prices in the current year and GNI measured in PPP prices in 2011 was used to obtain a conversion factor, based on which the GNI measured in PPP prices in 2011 was calculated for each city (UNDP et al., 2019; Wang M. et al., 2019).
TABLE 1 | Indicator thresholds for each dimension of HDI.
[image: Table displays dimensions with corresponding indicators, minimum, and maximum values. Health: life expectancy at birth, 20 to 85 years. Education: expected years of schooling, 0 to 18 years; mean years, 0 to 15 years. Standard of living: GNI per capita in 2011 PPP$, 100 to 75,000.]4.2 Model setting
The STIRPAT model, which is an enhanced version of the IPAT model, was selected as the analytical framework for this paper using the following underlying expression (York et al., 2003). The IPAT model is shown in Equation 7:
[image: Equation representing intensity, \( I = aP^bA^cT^d\epsilon \), is labeled with number 7.]
Where I denotes environmental pressure, P, A and T denote demographic, economic and technological factors; a, b, c and d are the model parameters; ε is the random error term. Referring to the related literature on the impact of HDI on CO2 emissions, the quadratic term of HDI is added to the model and logarithm is taken on both sides of the model. The expanded baseline regression model is shown in Equation 8.
[image: Mathematical equation showing a regression model: ln(CE) equals alpha sub zero plus alpha sub one times ln(HDI sub it) plus alpha sub two times (ln(HDI)) squared plus alpha sub three times ln(CV sub it) plus ln(epsilon sub it), enclosed in parentheses and labeled as equation eight.]
Where [image: Please upload the image or provide a URL to the image you would like described.] and [image: It seems like the image did not upload correctly. Please try uploading the image again or provide a URL. Make sure the file is in a supported format like JPEG, PNG, or GIF.] represent cities and years; [image: The image depicts a mathematical expression with "C" and "E" in uppercase, and "i" and "t" in lowercase as subscripts, representing a specific notation.] represents the per capita emissions of CO2 in the city; [image: It appears you've included a mathematical expression for HDI with subscripts, but there's no image attached. Please upload the image or provide a URL, and I'll be glad to help with the alt text.] represents the human development index; [image: It looks like there was an issue with the image upload. Please try uploading the image again or provide additional context in a caption if necessary.] represents a series of control variables, including energy intensity (T), energy structure (S), urbanization rate (U), industrial structure (IS), openness (O), foreign direct investment (FDI), consumption capacity (CON); [image: Please upload the image so I can provide the appropriate alt text.] is the parameter to be estimated by the model; [image: Mathematical expression depicting the Greek letter epsilon with subscripts 'i' and 't'.] is the random error term.
Referring to Yang and Niu’s research idea to construct the mediation effect model in order to test the mediating effect of innovation inputs (Baron and Kenny, 1986; Yang and Niu, 2023). The model is shown in Equations 9, 10:
[image: Mathematical equation for modeling: ln M sub i equals phi sub 0 plus phi sub 1 ln HDI sub i plus phi sub 2 times ln HDI sub i squared plus phi sub 3 ln CV sub i plus ln epsilon sub i.]
[image: Equation showing a formula for \( \ln CE_{it} \), which is expressed as \( \beta_0 + \beta_1 \ln HDI_{it} + \beta_2 (\ln HDI_{it})^2 + \beta_3 \ln M_{it} + \beta_4 \ln CV_{it} + \ln \varepsilon_{it} \). Numbered as equation (10).]
Where [image: It seems there was an error in uploading the image. Please try uploading the image again, or provide a URL. If you have a caption for it, feel free to include that as well.] is the mediating variable innovation input; [image: Please upload the image or provide a URL for me to generate the alt text.], and [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] are the parameters of the model to be estimated. The other variables are defined as above.
Equation 11 is constructed to test the moderating effect of investment intensity (Yang and Niu, 2023).
[image: Equation depicting a statistical model: \(\ln C_{E_{it}} = \gamma_0 + \gamma_1 \ln HDI_{it} + \gamma_2 (\ln HDI_{it})^2 + \gamma_3 E_{it} + \gamma_4 E_{it} \times \ln HDI_{it}\).]
[image: The equation shown is: \( y_{ijt} = \gamma_1 E_{it} \times (\ln HDI_{jt})^2 + \gamma_2 \ln CV_{jt} + \ln e_{ijt} \).]
Where [image: It looks like there was an issue with the image upload. Please try uploading the image again, and I will be happy to help with the alt text.] is the moderating variable investment intensity; the [image: Mathematical expression showing \(E_{it} \times \ln HDI_{it}\), where \(E_{it}\) is multiplied by the natural logarithm of \(HDI_{it}\).] and [image: Mathematical expression showing \( E_{it} \times (\ln \text{HDI}_{it})^2 \).] are the interaction terms of the primary and secondary terms of the explanatory variable HDI with investment intensity; [image: Please upload the image or provide a URL so I can help create the alt text for it.] are the parameters of the model to be estimated. The other variables are defined as above.
4.3 Data sources and descriptive statistics
This paper takes 41 cities in the Yangtze River Delta urban agglomeration from 2000 to 2021 as the research sample. The data come from China City Statistical Yearbook1, China Electric Power Yearbook2, National Statistical Yearbook3, national population census (2000, 2010, 2020)4, the World Bank database5, statistical yearbooks of provinces and cities, and national economic and social development bulletins6, etc. GDP data were calculated using 2000 as the base period. In addition, we use interpolation and trend extrapolation methods to supplement some missing data. The interpolation method is used to estimate the missing value between two known data points (Fan and Pei, 2023). Meanwhile, the trend extrapolation method predicts future data values based on the historical trends observed in the data, allowing us to estimate values beyond the existing dataset’s range (Zhenjun et al., 2023). Therefore, based on the above two methods, we can ensure the consistency and analyzability of data to a certain extent. Table 2 displays the descriptive statistics for each variable.
TABLE 2 | Variable description statistics.
[image: A table displaying various variables with their statistics. Columns include Variable, Obs, Mean, SD, Min, and Max. Each variable has 902 observations. Examples: CE has a mean of 3.660 and a max of 11.591; HDI has a mean of 0.734 and a max of 0.899. Other variables included are T, S, U, IS, O, FDI, CON, TT, and FAI with respective statistics.]5 RESULTS
5.1 Analysis of livelihood development and CO2 emissions
Using the previously mentioned Equations 1–6, data on the evolution of livelihood development and CO2 emissions during the course of the research period are calculated. The average human development index of 41 cities was chosen as the livelihood development data of the Yangtze River Delta urban agglomerations in order to analyze the data evolution characteristics of these areas. The annual per capita carbon emission data of these areas was then calculated by adding and dividing the total carbon emission and population of each city. Figure 1 displays the results of the calculation.
[image: Line graph showing the Human Development Index (HDI) and carbon emissions per capita from 2000 to 2021. The HDI steadily increases, crossing 0.80 in 2021. Carbon emissions rise gradually, surpassing 6.00 tons per capita in 2021.]FIGURE 1 | Trends in CO2 emissions and HDI.
With a rise of 27.41%, the HDI of the Yangtze River Delta urban agglomeration completed the transition from the medium to the very high human development level in 2021, rising steadily from 0.64 in 2000 to 0.81 in 2021, as shown in Figure 1. Between 2000 and 2006, it was at the medium human development. The objective of “building a moderately affluent society in all aspects” was presented during the 16th National Congress of the Communist Party of China in 2002, which introduces new demands for the development of livelihoods. Therefore, the Yangtze River Delta urban agglomeration is working toward greater economic growth, advancements in science and education, and more stable means of subsistence for its residents. After reaching the high human development level in 2007, the HDI hit 0.79 in 2018. During this period, the region’s citizens enjoyed an improvement in their standard of life and saw a discernible rise in the level of economic growth. The new rural social pension insurance policy went into effect in 2009, resulting in a large increase in social security payments. The 2010 World Expo was subsequently hosted in Shanghai, which sped up the region’s economic upgrading, restructuring, and transformation. It also encouraged the building of transportation infrastructure, which further aided in the region’s economic development. Between 2019 and 2021, the Yangtze River Delta urban agglomeration achieved to very high human development. After a reasonably prosperous society was achieved in 2020, there was a notable improvement in people’s quality of life, a steady rise in the protection of the rights to development and subsistence, then the new phase of more coordinated growth in human development (Ren et al., 2021).
In addition, the overall trend in the Yangtze River Delta urban agglomeration’s per capita CO2 emissions is a sharp rise followed by a slow plateau. In particular, there was an annual growth rate of approximately 9.95% on average in per capita CO2 emissions between 2000 and 2013, rising from 1.29 tons per person in 2000 to 4.90 tons per person in 2013. The nation set goals for 7.5% average annual GDP growth and 47% urbanization rate during the 11th Five-Year Plan period7. The Yangtze River Delta urban agglomeration’s rapid economic development and the ongoing rise in urbanization have resulted in a rapid increase in CO2 emissions. Due in large part to China’s aggressive push of low-carbon development, per capita CO2 emissions increased negatively in 2014 and 2015. The State Council’s adoption and approval of the National Climate Change Response Plan (2014–2020) in 2014 has played a significant role in hastening the reduction of carbon emissions. It lays out explicit guidelines for decreasing CO2 emissions intensity and expanding forests area. During the “13th Five-Year Plan” period, China has set a target of reducing energy consumption per unit of GDP by 15% by 2020 compared with 2015. The Yangtze River Delta’s industrial structure shifted to a larger percentage of tertiary industry as its economic growth method has continuously changed. The pace at which CO2 emissions increased fell sharply. In 2021, the average person’s CO2 emissions increased to 6.25 tons. As the pandemic spreads during this time, there is a greater chance that a global value chain would break, which could trigger a worldwide energy crisis. This situation may endanger the development of energy in the Yangtze River Delta. It also poses challenges for climate governance and the achievement of the “dual carbon” target CO2 emissions might have gone up as a result of this.
5.2 Estimation results
The F, LM and Hausman tests led to the selection of the two-way fixed effect model to investigate how livelihood improvement affects carbon emission reduction. Table 3 presents the results of the measurement.
TABLE 3 | Regression results.
[image: A table presenting regression results with variables across four models. Key variables include \( \text{lnHDI} \), \( \text{(lnHDI)}^2 \), \( \text{lnLEI} \), \( \text{lnEI} \), \( \text{lnI} \), \( \text{lnT} \), \( \text{lnS} \), \( \text{lnU} \), \( \text{lnIS} \), \( \text{lnO} \), \( \text{lnFDI} \), \( \text{lnCON} \), and \( \text{lnP} \). Coefficients and standard errors are shown, with significance levels indicated. Constants and model details, such as fixed effects and R-squared values, are included. Significance denoted by asterisks: *** for \( p < 0.01 \), ** for \( p < 0.05 \), * for \( p < 0.1 \).]Table 3’s column (1) regression findings show that, at the 1% level, the HDI and its squared term coefficient are both significantly negative. Since the HDI has a range of values from 0 to 1, its logarithmic value is negative in the model. Therefore, an important inverted “U” shape is found between the HDI and carbon emissions. This is consistent with the findings of some of the scholars above. Hypothesis 1 is preliminarily tested. It is not rigorous to conclude that the inverted “U” relationship is based solely on the significance of the coefficients of the primary and secondary terms. Then we continued to use the Utest test command to verify the result (Liu and Mu, 2024). The p-value of Utest test for the inverted “U” curve with carbon emission is less than 0.01. The slope of the curve is positive (1.73, p < 0.01) and then negative (−1.69, p < 0.01). The HDI’s extreme point, which is 0.68 and falls within the range of HDI values, suggests that the relationship between carbon emissions and livelihood development is shaped like an inverted “U”. The inflection point value is 0.68, meaning that livelihood development will have a suppressive effect on carbon emissions when HDI is higher than 0.68. And after calculation, hypothesis 1 is correct since livelihood development has a dominant effect on reducing carbon emissions at this point. An improvement in the HDI denotes not just a rise in the economic status of the population, but also a notable improvement in their health and education levels. When it comes to this process, individuals with higher levels of education and overall quality typically have stronger concepts related to environmental protection, are more conscious of the significance of climate change and environmental protection, and are more likely to take action to protect the environment. They may even engage in social and political activities to influence policy decisions and encourage the implementation of environmental protection measures to facilitate human development in a sustainable manner (Yumashev et al., 2020).
The regression model incorporates the HDI indices of the three dimensions to enhance the examination of the impact of livelihood development on CO2 emissions. The resulting tables are arranged in columns (2), (3), and (4) of Table 3. Considering the significance of the data, we examined the relationship between the health index and CO2 emissions using the total population (P) data as a control variable. The findings show that an increase in the health index significantly increases CO2 emissions. One possible explanation for this could be that although life expectancy has improved dramatically due to improvements in health and medical technology, the energy-intensive nature of medication research and medical services may contribute to a rise in CO2 emissions. Column (3) data indicates a considerable restraining effect of the education index on CO2 emissions. Education can help people become more aware of environmental issues on a personal and societal level, support the advancement of green technologies, and lower CO2 emissions. The income index has a considerable impact on the rise in CO2 emissions, as seen by Column (4). Economic development is reflected in the rising income index, and the Yangtze River Delta region’s economic development is heavily reliant on fossil fuels like coal and oil, which can raise CO2 emissions. In the sub-dimension regression, only the education index can reduce carbon emissions. However, the degree of human development can significantly reduce carbon emissions. This shows that in order to reach the aim of carbon peaking, we need raise the whole level of livelihood development rather than relying solely on one dimension.
5.3 Robustness test
The following robustness tests are carried out to confirm the benchmark regression’s scientific validity. The results are shown in Table 4.
	(1) Replace the explanatory variables. Replace the CO2 emissions data with the CO2 emissions of each city published by China Emission Accounts and Datasets (CEADs) to re-estimate the model. The results are shown in column (1) of Table 4.
	(2) Exclude some samples. There is a big difference between municipalities, provincial capitals and sub-provincial cities and ordinary prefecture-level cities in terms of livelihood development. As a result, the regression does not include the aforementioned samples. The outcomes are displayed in Column (2).
	(3) Control variable shrinking tail. We employ a 1% shrinking tail treatment to prevent the extreme values of the control variables from significantly affecting the regression findings. The results are shown in column (3). The empirical findings demonstrate the robustness of the benchmark results by demonstrating that the inverted “U” curve link between CO2 emissions and livelihood development remains constant.

TABLE 4 | Robustness test results.
[image: Regression table with three models comparing the impacts of variables on outcomes. "lnHDI" and "(lnHDI)^2" coefficients are shown with significant levels. Control, constant, time-fixed, and city-fixed effects are included. R-squared values are 0.942, 0.990, and 0.987, respectively.]5.4 Mechanism test
5.4.1 Mediating effect
The findings of a step-by-step regression of Equations 9 , 10 to investigate how livelihood development influences urban CO2 emissions are presented in Table 5. The link between livelihood development and innovation inputs is U-shaped, as seen by column (1). During the examination period, most cities were found to the right of the turning point, suggesting that improvements in living conditions facilitate investment in innovation. Following the addition of mediating variables, column (2) shows that innovation inputs have a regression coefficient of −0.195 on carbon emissions, indicating that innovation inputs suppress carbon emissions. Additionally, the coefficients of lnHDI and (lnHDI)2 are both significant and lower than in the baseline regression model, indicating that innovation inputs play a part in mediating the effect of livelihood development on carbon emissions. Hypothesis 2 is valid.
TABLE 5 | Regression results of mediating and moderating effects.
[image: Table showing regression analysis results with variables \( \ln \text{HDI} \), \( (\ln \text{HDI})^2 \), \( \ln \text{TT} \), \( \ln \text{FAI} \), and their interactions across three models. Coefficients, standard errors in parentheses, significance levels, and controls such as time-fixed and city-fixed effects are included. Adjusted \( R \)-squared values range from 0.606 to 0.991.]5.4.2 Moderating effect
The data in column (3) shows that investment intensity has a positive moderating effect on the connection between CO2 emissions and livelihood development, as seen by the significantly negative coefficients of both lnHDI*lnFAI and (lnHDI)2*lnFAI. Based on Haans and Pieters (Haans et al., 2016), the shift of the turning point and the curve’s shape can be used to analyze the moderating effect of investment intensity. The effect of investment intensity on the shape of the curve is mainly reflected by the positivity and negativity of [image: Please upload the image or provide a URL so I can help create the alt text for it.]. It is noticeably negative in column (3), suggesting that the curve steepens with increasing investment intensity. The degree of investment will cause the turning point of the inverted “U” curve to move slightly to the right, as indicated by the new inflection point value of lnHDI ≈ −0.36. Increased investment intensity strengthens the inverted U-shaped link between livelihood development and CO2 emissions. In other words, it positively regulates the impact of livelihood development on CO2 emissions. At this point, hypothesis 3 holds true.
5.5 Heterogeneity test
5.5.1 Analysis of regional heterogeneity
To examine geographical differences in the relationship between livelihood development and carbon emissions, group regressions are utilized. These regional variations are based on the Outline of the Plan for the Integrated Development of the Yangtze River Delta Region, which classifies 27 cities—including Shanghai, Nanjing, and Changzhou—as the center area and the remaining 14 as non-center area cities. The HDI and its squared term coefficients of the central cities are shown to be significantly negative at the 1% level in columns (1) through (2) of Table 6. The P-value of the Utest test is less than 0.01, indicating that the development of livelihood development and carbon emissions of the central cities have an inverted U-shaped relationship. The city in the central area has now passed the turning point, with an HDI value of 0.64, and the improvement of people’s livelihoods has demonstrated a carbon-reducing effect. The HDI and its squared term coefficient of non-central cities show a significant positive relationship, but they fail the U test. The rationale is that there is an incremental relationship between livelihood development and carbon emissions in non-central cities. It is indicated by the fact that all of these cities’ HDI are situated on the right side of the positive U-shaped curve’s inflection point. According to Lian, the Fisher’s Permutation test was used to determine the significance of the variation in coefficients across groups, with the number of samples set at 1000 (Lian et al., 2010). The results show that the p-values for the primary and secondary terms are less than 0.01, which suggests that there is a substantial difference between the two groups’ coefficients. Cities in the central region may gain from their better geographic location, quicker advancements in living standards, health, and education, higher degrees of livelihood development, and a population that is more aware of the need to protect the environment. However, when the level of livelihood development rises, non-central region cities will see an increase in energy consumption, which would raise carbon emissions.
TABLE 6 | Results of heterogeneity test.
[image: Table showing statistical analysis results for four different areas: Central, Non-central, Resource-based, and Non-resource-based. Variables include \( \ln \text{HDI} \) and \( (\ln \text{HDI})^2 \), with corresponding coefficients, standard errors in parentheses, control variables, and R-squared values. Significance is indicated by asterisks.]5.5.2 Analysis of type heterogeneity
The State Council’s National Sustainable Development Plan for Resource-based Cities (2013–2020) criteria is used to divide the cities under investigation into resource-based and non-resource-based categories. This categorization allows for a comparative examination of the ways in which the influence of livelihood development on carbon emissions differs depending on the resource endowment of these cities. The HDI and its squared term in resource-based cities show significantly positive coefficients from columns (3) to (4) of Table 6, but they fail the Utest test at the 5% significant level, suggesting that there is still evidence of a carbon-increasing effect in resource-based cities related to livelihood development. In non-resource cities, the relationship between the livelihood development and carbon emissions is formed like an inverted “U”. The results of the significance test for group differences in coefficients demonstrate a significant difference between the two groups’ coefficients. The explanation could be that non-resource cities are able to reduce carbon emissions through technological innovation and upgrading of the industrial structure, whereas resource cities have more abundant energy and resources and become unduly dependent on resources in the process of promoting urbanization, which raises carbon emissions (Yan et al., 2021).
6 CONCLUSION AND POLICY RECOMMENDATIONS
6.1 Conclusion
This research measured the human development index and CO2 emissions from energy consumption using panel data from the Yangtze River Delta urban agglomeration from 2000 to 2021. It then built the STIRPAT model to examine the impact of livelihood development on reducing carbon emissions empirically. The findings of the study were as follows: (1) The relationship between livelihood development and carbon emissions shows an inverted “U” shape, indicating a large reduction in carbon emissions at this level. After a series of robustness tests, the finding holds true. (2) The mechanism test shows that by boosting investment in innovation, livelihood development lowers CO2 emissions. The regulation effect of investment intensity on the relationship between livelihood development and CO2 emissions is positive. The curve is more convex and the inflection point is somewhat pushed to the right under the regulation of investment intensity. (3) In central cities and non-resource cities, the relationship between livelihood development and CO2 emissions is more substantial in an inverted U shape.
6.2 Policy recommendations
In order to improve the livelihood development and meet the aim of carbon peaking as soon as feasible, this study makes the following recommendations for the Yangtze River Delta urban agglomeration based on the conclusions mentioned above.
Firstly, enhance public service systems for human development. To protect a higher degree of human development, the government should create a strong public service system for the entirety of human existence and implement the sharing of high-quality public services as soon as possible. To lessen the pollution that landfills and incineration contribute to the environment, hospitals and associated organizations should improve waste management and streamline medical service procedures. The government should aggressively maximize the distribution of educational resources, ensure that all citizens have access to high school education, and consistently raise the educational attainment of its citizens. For cities with high levels of HDI (e.g., Shanghai, Nanjing, Suzhou, and Hefei), they should focus on advanced waste management technologies and accelerate cross-jurisdictional sharing of high-quality healthcare and education resources through digital platforms to become regional centers of innovation and service excellence. As for cities with an average level of HDI (e.g., Anqing, Liuan, Fuyang, etc.), these cities should prioritize the improvement of basic waste management infrastructure and the expansion of educational opportunities in order to reduce regional disparities.
Secondly, promote innovation investment and green finance. The government ought to make the most of the regulatory effects of investment intensity and bolster the contribution of innovation investment to the reduction of carbon emissions. Local governments ought to support the green finance system and encourage the development of low-carbon technologies. When assigning fixed-asset investments, they also need to pay attention to green and sustainable projects. For these initiatives, it is imperative to improve environmental evaluations and openness. These initiatives will all have a major impact on reducing carbon emissions.
Thirdly, formulate policies in light of different characteristics of cities. Policies on livelihood development should be developed by the state and pertinent agencies in accordance with local circumstances. We can propose different policy concerns for different types of cities based on the heterogeneity analysis. On the one hand, in the regional heterogeneity analysis, we categorize the 41 cities into central area cities and non-central area cities according to the policy report. Central area cities (e.g., Shanghai, Hangzhou, Wuhu, etc.) should invest more in public services such as education and healthcare, build more low-carbon and energy-saving public facilities, and improve the quality of life for their residents. These central cities should play a leading role in promoting resource sharing and collaborative development with neighboring non-central cities through the establishment of regional cooperation mechanisms. Non-central area cities (e.g., Lianyungang, Lishui, Huangshan, etc.) should focus on improving public transportation and energy efficiency, leveraging their ecological advantages to create ecologically livable cities, and developing low-carbon industries such as eco-agriculture and rural tourism to promote residents’ employment and income generation. On the other hand, in the type heterogeneity analysis, we classify cities into resource-based cities and non-resource-based cities. Resource-based cities (e.g., Xuzhou, Suqian, Huzhou, etc.) should increase ecological restoration in resource extraction areas to improve the ecological environment and enhance residents’ quality of life. They should also accelerate the optimization of their energy structure, reducing dependence on traditional fossil fuels and increasing the use of renewable energy. Non-resource-based cities (e.g., Changzhou, Nantong, Ningbo, etc.) should promote the greening of public service facilities such as education and healthcare to improve energy efficiency and reduce carbon emissions. Additionally, these cities should strengthen scientific and technological innovation and support enterprises in the research and development and application of low-carbon technologies to enhance industrial competitiveness. These measures will not only reinforce the inverted U-shaped relationship between livelihood development and carbon emissions in central and non-resource-based cities but also facilitate the transition of non-central and resource-based cities to low-carbon development.
7 LIMITATIONS AND FUTURE DIRECTIONS
Although this study provides new insights into how livelihood development affects CO2 emissions, there are still some limitations. First, this study uses panel data from the Yangtze River Delta urban agglomeration rather than time series data from individual cities. The focus on quantitative analysis may not adequately capture the specific characteristics of each city. Therefore, specific findings and policy recommendations cannot be provided for each city. Additionally, this study focuses on the mediating role of innovation inputs and the moderating role of investment intensity between livelihood development and CO2 emissions in the Yangtze River Delta urban agglomeration. However, other potential influencing factors, such as public services and social trust, are not included in the analysis. This may affect the comprehensiveness of the mechanism analysis.
In response to these limitations, future research can be expanded and deepened in the following ways. First, conduct specific and in-depth urban analysis. Future research can use county-level data to conduct more specific and in-depth analyses of urban agglomerations, building on the overall impact studies. For example, using county-level carbon emissions data to analyze the heterogeneity of different counties in the relationship between livelihood development and carbon emissions can provide more targeted recommendations for city-level policymaking (Zhu et al., 2024). Second, enrich the mechanism variables. Future studies may consider adding factors such as public services and social trust as mechanism variables to enrich the current findings. For example, the optimization of public services may affect carbon emissions by improving residents’ quality of life and promoting green consumption (Prabhu and Pai, 2012). Social trust may play an important role in environmental protection by reducing CO2 emissions through social expectations and public opinion pressure (Zhang and Fu, 2023).
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Digital infrastructure, as a core component of new infrastructure, plays a powerful engine role in driving urban development. It not only profoundly shapes the future landscape of cities but also plays an irreplaceable role in accelerating the dual transition of industries toward digitization and greening. This process not only promotes the deep integration and synergistic development of urban digitization and greening but also cleverly builds a bridge for the dual benefits of pollution reduction and carbon reduction, laying a solid foundation for achieving an environmentally friendly and resource-saving society. This study adopt a multifaceted approach to explore the impact of digital infrastructure on the synergistic management of urban pollution abatement and carbon reductions. The coefficient for this effect was statistically significant at a 1% significance level (0.1056), demonstrating its capacity to support reductions in both pollution and carbon emissions, with regional variations observed. Furthermore, examining factor flows reveals that digital infrastructure promotes enhanced labor, capital, and innovation flows. Notably, the impact of digital infrastructure on these sectors exhibited coefficients of 57.5616, 0.0097, and 0.0189 respectively. These findings point to a significant nexus between digital infrastructure and sustainable urban development. A nonlinear U-shaped relationship was observed between digital infrastructure and the joint effect of both pollution mitigation and carbon reduction. This study concludes with policy recommendations aiming to optimize the utilization of digital infrastructure for achieving sustainable urban development goals.
Keywords: digital infrastructure, pollution and carbon reduction synergies, labor factor flow, capital factor flow, innovation factor flow

1 INTRODUCTION
Air pollution and carbon emissions, recognized as pivotal contributors to global warming (Allen et al., 2009; Amann et al., 2013), present substantial challenges to the attainment of sustainable development goals (SDGs). Therefore, reducing air pollution and mitigating carbon emissions holds a universal imperative for global progress.
China’s extensive economic development model has fueled a continuous increase in carbon emissions (Zheng H. et al., 2023), while simultaneously grappling with elevated levels of air pollution compared to other nations. Notably, over 40% of Chinese cities are projected to exceed the international average PM2.5 concentration by 2021 (Hu et al., 2022), impacting both public health and economic wellbeing. Based on this, the Chinese government has implemented a series of measures to reduce pollution and carbon emissions, such as promoting clean energy and strengthening environmental regulation. However, with the acceleration of urbanization and rapid economic development, pollution and carbon emission issues remain severe. Against this backdrop, how to further innovate management methods and enhance the effectiveness of pollution reduction and carbon emission reduction has become an important topic in the management practices of urban pollution and carbon reduction.
Digital infrastructure, as an emerging technological force, is gradually demonstrating its potential in promoting green economic transformation and reducing pollution and carbon emissions. Driven by data innovation, built on communication networks, and centered around data computing facilities, digital infrastructure possesses the powerful ability to break down barriers, optimize resource allocation, and facilitate industrial advancement (Guo et al., 2023; Tranos, 2012).The burgeoning field of digital infrastructure research is exploring the impact on environmental quality (J. Hu et al., 2023; Zhuo et al., 2023). Digital infrastructure plays a critical role in facilitating industrial digitalization by enabling seamless integration with traditional sectors, thereby fostering transformative changes within industrial structures (Ren et al., 2021; Xue et al., 2022). This integration has the potential to mitigate air pollutants and carbon emissions through industrial transformation. However, certain studies raise concerns regarding the possibility of increased energy consumption arising from extensive digital infrastructure deployment (Ren et al., 2021; Xue et al., 2022). However, there is still controversy regarding how digital infrastructure affects air pollutants and carbon emissions, necessitating deeper analysis and discussion. It is essential to clarify the mechanisms by which digital infrastructure influences the synergistic effects of pollution reduction and carbon reduction.
This study examines the impact of digital infrastructure on the synergistic effects of pollution reduction and carbon reduction using relevant data from 282 cities in China from 2011 to 2021. The research objectives are as follows: first, to clarify the specific role of digital infrastructure in current urban pollution and carbon reduction management practices; second, to reveal how digital infrastructure indirectly promotes pollution reduction and carbon reduction by influencing the flow of factors; and finally, to explore potential nonlinear effects of digital infrastructure on the synergistic effects of pollution reduction and carbon reduction, as well as to identify key influencing factors. It is hoped that this research will provide scientific evidence and practical guidance for policymakers, facilitating greater effectiveness in urban pollution and carbon reduction efforts in China and globally.
The paper is structured as follows: the second section presents a comprehensive review of relevant literature; the third section employs mechanism analysis to elucidate causal relationships between variables; the fourth section details the methodology employed in this study, emphasizing methodological rigor and transparency; the fifth section synthesizes findings and offers an in-depth discussion; and the concluding section provides actionable recommendations for policy development and implementation. The structure of this paper is shown in Figure 1.
[image: Flowchart illustrating a research process. It includes sections: Introduction, Literature Review, Mechanism Analysis, Research Design, and Results and Discussion. Introduction details background, significance, aims. Literature Review covers urban pollution, digital economy impacts. Mechanism Analysis explores digital infrastructure, promoting synergistic effects on pollution and carbon. Research Design outlines variables, methodologies like regression and mediation modeling. Results and Discussion summarize analyses, robustness, and nonlinear effects. An arrow connects sections, marking the methodological roadmap.]FIGURE 1 | Analysis framework.
2 LITERATURE REVIEW
Economic and societal development has driven a substantial increase in carbon emissions and air pollutants (He et al., 2011), posing a severe threat to both the ecological environment and public health (Chen D. et al., 2021). Existing research focuses on measuring the level of coordinated management of carbon emissions and air pollutants, as well as assessing the influencing factors and impacts. For example, Henneman et al. (2016) utilized the GAINS model to investigate the complex interactions between air pollution and carbon emissions under various environmental scenarios. Liu et al. (2024) used an improved Tapio Decoupling Principle and Probit model to explore the factors affecting the synergistic effects of urban pollution reduction and carbon emission mitigation, and ultimately found that environmental regulation is the main influencing factor. Fujimori et al. (2015) emphasized the effectiveness of carbon trading in mitigating both air pollutants and carbon emissions, leading to positive ecological outcomes. In addition, some scholars have conducted research specifically on the construction industry, aiming to explore the actual effects of construction waste sorting on promoting pollution reduction and carbon emission reduction (Liu et al., 2023), as well as the potential impact of this measure on economic growth (Wang Z. et al., 2022; Wang et al., 2024).
The burgeoning digital economy exerts a profound influence on urban development, necessitating comprehensive analysis of its multifaceted relationship with environmental sustainability. Existing research has focused primarily on elucidating the nexus between the digital economy and urban pollution reduction, as well as the regulatory mechanisms governing carbon emissions. Nonetheless, the scholarly discourse regarding the impact of digital economic expansion on pollution reduction remains fragmented. While some scholars espouse a positive outlook, anticipating transformative potential for reducing air quality issues, others advocate a cautious stance, citing concerns about an “energy rebound effect”. Heddeghem et al. (2014) posit that the digital economy’s growth may trigger increased energy consumption, thereby exacerbating regional atmospheric pollution levels. Che and Wang (2022), on the other hand, leveraged PM2.5 data to assess haze pollution levels and employed multiperiod DID modeling to demonstrate a positive correlation between the digital economy and reduced haze pollution levels. Further research into this complex dynamic is critical for a nuanced understanding of the digital economy’s contribution to environmental conservation.
The digital economy presents a nuanced landscape for carbon reduction, with Bai et al. (2023) emphasizing its capacity to curtail emissions through industrial transformation and upgrading. However, their work highlights the potential for such progress to trigger a relocation of heavy industries to underdeveloped regions, thereby exacerbating localized carbon emissions in those areas. Li and Wang (2022), in contrast, investigated the spatial spillover effects of the digital economy on carbon emissions, revealing an inverted U-shaped pattern in their findings. This complexity underscores the need for deeper investigation into this phenomenon. Further research delves into the intricate interplay between the digital economy and pollution reduction strategies. Hu (2023), employing a DID method within a quasi-natural experimental setup in the Big Data Comprehensive Experimental Zone, examined this dynamic. Their findings revealed that advancements in the digital economy effectively mitigate environmental pollution and carbon emissions while highlighting technological innovation and energy efficiency as pivotal drivers of these positive impacts.
Research into the impact of digital infrastructure on urban air pollution and carbon emissions has yielded a complex picture (Tang and Yang, 2023). While Qiao et al. (2021) found that improving energy efficiency through traditional infrastructure upgrades can lead to decreased air pollution, Zou and Pan (2023) emphasize the role of digital infrastructure in mitigating this issue, attributing its positive impact to green innovations. Studies by Zhang P. et al. (2022) further highlight the potential for digital infrastructure to enhance air quality through industrial structure upgrades and technological advancements, particularly within Chinese provinces. However, some scholars caution that digital infrastructure can exacerbate air pollutant emissions. Notably, increased ICT development in specific South American countries has been linked to exacerbated air pollution levels, highlighting the need for careful consideration (Avom et al., 2020; Cheng et al., 2019). Based on an analysis of comprehensive data from 83 countries worldwide, Che et al. (2024) concluded that the development of digital infrastructure has significantly driven the increase in national carbon emissions by promoting capital aggregation and increasing the consumption of fossil energy.
The deployment of digital infrastructure in the context of carbon reduction is multifaceted and subject to ongoing investigation. Dong et al. (2022) employed a double difference model to analyze this relationship, revealing that technological innovation, industrial structure upgrades, optimized factor allocation, and fostering industrial concentration are key drivers of carbon reductions facilitated by digital infrastructure. However, the spatial spillover effects of digital infrastructure on carbon emissions have also been scrutinized, with scholars observing distinct regional variations (Liu and Wan, 2023; Sun and Kim, 2021). Notably, a subset of researchers posit that the relationship between digital infrastructure and carbon emission reduction is not straightforward. Hu et al. (2023) employed threshold and quantile models to delve into this dynamic, uncovering an increasing marginal effect of digital infrastructure on carbon emissions reduction, suggesting potential benefits for cities with advanced low-carbon practices, but perhaps hindering efforts in those lagging behind. Conversely, Sadorsky (2012) conducted a dynamic panel data study focusing on the influence of ICT growth on electricity demand, revealing that its impact surpasses income levels, potentially indicating a negative impact on carbon reduction efforts by expansion of digital infrastructure. Wang and Zhong (2023), further explored this point, identifying an energy-intensive distribution scenario resulting from digital infrastructure expansion, which ultimately leads to diminished energy efficiency and subsequently heightened carbon emissions.
Despite a wealth of research endeavoring to elucidate the implications of the digital economy for environmental pollution and carbon emissions, the existing body of literature is notably sparse with respect to the specific influence of digital infrastructure on these critical issues. The majority of extant studies have concentrated on the direct effects of the digital economy on environmental indicators, often overlooking the complex, synergistic interplay between digital infrastructure and the mitigation of pollution. This gap in understanding stems from a lack of comprehensive analysis of the intricate nonlinear dynamics that govern the relationship between digital infrastructure and environmental conservation, which are influenced by a myriad of factors, including evolving energy demands and advancements in energy efficiency technologies. Therefore, there is an urgent need for further research to delve into the complex interplay between digital infrastructure and carbon mitigation strategies. Such an investigation is essential for a nuanced evaluation of the role digital infrastructure plays in environmental conservation, particularly through a thorough examination of its nonlinear dynamics. An integrated analysis of the governance of pollution and carbon reduction will be instrumental in achieving a more accurate assessment of the contribution of digital infrastructure to sustainable urban development.
3 MECHANISM ANALYSIS
Digital infrastructure, a cornerstone of the contemporary infrastructure paradigm, plays a crucial role in modernizing daily life through the integration of information technology. Unlike traditional infrastructure reliant on physical components like iron and concrete, digital infrastructure offers inherent eco-friendly advantages, consuming significantly less energy than its counterpart (Lan and Zhu, 2023). This results in reduced ecological footprints within urban environments. Moreover, digital infrastructure fosters cleaner industrial practices by enabling residents to embrace more sustainable lifestyles. Smart home technologies empower individuals to exert precise control over their energy consumption, while intelligent air conditioning systems adapt output based on temperature fluctuations to minimize wastage (Favoretto et al., 2022; Ghosh et al., 2022). Similarly, smart lighting systems intelligently adjust based on ambient light conditions. The integration of digital infrastructure into daily routines supports the decarbonization of household routines and contributes to reduced energy usage, air pollution, as well as environmental sustainability in various sectors. Specifically, digital infrastructure promotes a notable enhancement in manufacturing sector’s energy efficiency (Rathore et al., 2018; Yong et al., 2020), achieved by leveraging big data and cloud computing to optimize production processes, streamline operations, and reduce unnecessary energy and carbon emissions. Furthermore, digital infrastructure supports collaborative efforts between industries, encourages resource recycling, waste reduction, thereby decreasing pollutants and greenhouse gas emissions. In transportation, where significant emissions are prevalent, digital infrastructure provides crucial solutions for reducing carbon footprints through smart transportation systems, data-driven traffic forecasting, congestion prediction, and route optimization (Chen et al., 2016; Guerrero-ibanez et al., 2015). The adoption of new energy vehicles fueled by digital infrastructure further mitigate pollution and carbon emissions in transit operations (Li J. et al., 2024). These advancements underpin the research hypothesis that:
H1. Digital infrastructure can accelerate the process of urban pollution reduction and carbon reduction and realize the synergy of pollution reduction and carbon reduction.
Digital infrastructure has revolutionized the dynamics of production factors, transcending geographical barriers to facilitate a self-sustaining and efficient circulation of resources within a more robust market ecosystem. This transformation is driven by digital infrastructure’s ability to break down physical limitations and foster interconnectedness (Ndubuisi et al., 2021).This expansion dramatically broadens information dissemination, mitigating informational disparities within the workforce (Hu et al., 2023), thereby streamlining workforce integration into suitable roles and enhancing labor mobility. Furthermore, digital infrastructure enhances knowledge access through online platforms, empowering individuals to acquire essential skills for diverse occupational contexts (Raab et al., 2001), ultimately elevating overall workforce education levels and fostering greater versatility (Tang and Zhao, 2023). This enhanced skill acquisition further promotes labor market fluidity. Digital infrastructure’s impact is not limited to labor; it also drives capital mobility at unprecedented speeds. Digital trading platforms facilitate swift mutual understanding between trading entities (He et al., 2020), accelerating the financing process and optimizing capital utilization. These innovations stimulate financial markets through novel financial products, derived from digital integration (Stein, 2002). Consequently, the flow of capital is facilitated significantly. Furthermore, enhancing digital infrastructure fosters financial innovation, which involves integrating digital technologies to create new financial products (Li et al., 2022). This expansion in investment options for investors leads to increased market activity and further accelerates the movement of capital. Third, digital infrastructure facilitates the movement of factors that drive creativity. By leveraging internet platform connectivity and interaction capabilities, digital infrastructure enables unrestricted innovation factor exchange across geographical boundaries (Hu et al., 2023). This dismantles traditional limitations imposed by geographic locations, fostering greater knowledge spillover effects (Wood et al., 2018), thereby accelerating the exchange of innovative ideas between cities.
The enhanced mobility of production factors stands as a key driver in accelerating the reduction of urban pollution and the effective management of carbon emissions. This transformation is mediated by several interconnected mechanisms, all contributing to the broader goal of achieving environmental sustainability within urban environments: First, labor mobility holds the potential to significantly expedite efforts aimed at decreasing urban pollutants and carbon emissions. By addressing labor supply and demand imbalances, labor mobility promotes a more efficient allocation of human capital (Yashiv, 2007), ultimately leading to enhanced talent availability in energy-intensive sectors. This increased capacity for specialized workforce development paves the way for a smoother transition toward sustainable practices, thereby resulting in reduced emissions of both carbon and other pollutants (Ouyang and Sun, 2015). Furthermore, labor mobility fosters environmental conservation ethos by facilitating the transfer of skilled individuals to smaller cities, stimulating regional industries and driving innovation (Chen et al., 2021b; Wu et al., 2022). Second, capital factor flows can act as a catalyst for mitigating urban pollution and reducing carbon emissions. Capital flows can direct capital toward green industries (Wang and Wang, 2021; Wei et al., 2015), offering financial assistance for the eco-friendly transformation of energy-consuming sectors. This process facilitates the upgrading of urban industries and contributes to a more coordinated approach to managing urban pollution and carbon reduction (Hao et al., 2020; Wu and Chen, 2001).Cross-border capital movement also introduces advanced production management knowledge, ultimately boosting industrial labor productivity while curtailing emissions, thereby meeting environmental objectives (Wu and Chen, 2001).Third, the flow of innovative elements accelerates clean energy technology adoption within urban settings, a phenomenon known as the “Porter effect.” This transformative force revitalizes urban energy frameworks and increases the share of clean energy, ultimately enhancing the cityscape’s overall environmental footprint (Malhotra et al., 2019; Steffen et al., 2018). Moreover, this increased adoption of clean energy technologies can trigger stronger governmental regulations surrounding environmental protection, prompting enterprises to implement stricter environmental policies. This, in turn, helps curb urban carbon and pollutant emissions (Liao, 2018), demonstrating the interconnected nature of innovation, policy, and environmental sustainability. In light of these insights, a compelling hypothesis emerges:
H2. Digital infrastructure promotes the synergistic effect of urban pollution reduction and carbon reduction by accelerating the flow of factors (labor, capital and innovation).
Digital infrastructure plays a pivotal role in addressing urban pollution and carbon reduction efforts, exhibiting complex nonlinear dynamics that render simplistic linear models inadequate. The expansion of digital infrastructure historically results in heightened energy consumption as the demand for essential components such as data centers and communication stations surges (Dayarathna et al., 2015; Sharma et al., 2020). This increased demand can lead to significant environmental resource depletion and ecological damage, potentially exacerbating both urban pollution and carbon emissions (Dian et al., 2023). However, advancements in digital infrastructure innovation are driving a shift towards greener and more sustainable practices. These innovations have significantly enhanced the energy efficiency of IT equipment and communication networks through the implementation of cutting-edge energy-saving techniques, optimization strategies, and the integration of renewable sources (Uddin et al., 2012). This transition has positioned digital infrastructure as a key player in achieving urban pollution and carbon reduction targets. Digital infrastructure is evolving from a significant energy consumer to a green and sustainable energy carrier (Wu et al., 2021), fueling the sustainable development of cities. Through intelligent management, digital infrastructure facilitates the rational allocation and economic utilization of resources, reducing unnecessary energy consumption and emissions. Furthermore, its extensive deployment underpins urban environmental surveillance, pollution control, and eco-friendly transportation, further advancing the objectives of urban pollution reduction (Bibri, 2018). Based on these insights, the following research hypothesis is proposed:
H3. The impact of digital infrastructure on the synergistic effect of pollution reduction and carbon reduction in cities is nonlinear.
4 RESEARCH DESIGN
4.1 Variable definitions
The explained variable is the synergistic effect of pollution reduction and carbon reduction (se).To elucidate the intricate relationship between pollution reduction and carbon reduction subsystems, a comprehensive index system for evaluating their synergistic effects is developed in line with the methodology of Yi et al. (2022). This system, detailed in Table 1, provides a framework to quantify mutual influence between these two subsystems. Given the lack of carbon emission data at the urban level, this study references the research by Chen et al. (2020) and uses nighttime light data along with provincial carbon emission data to estimate the annual carbon dioxide emissions for cities (measured in tons).Utilizing coupling coordination models (as exemplified by Equations 1,2), the analysis delves into the intrinsic connections and dynamic patterns of change between pollution reduction and carbon reduction, shedding light on their interconnected nature.
[image: The equation represents a mathematical expression for \( C \), where \( C \) equals the square root of the product \( X_n \) and \( Y_n \) divided by the square of the sum \( (X_n + Y_n) \), all raised to the power of \( \frac{1}{2} \).]
[image: Formula displayed: \( se = \sqrt{C \times (\alpha X + \beta Y)} \) labeled as equation 2.]
where X is the pollution reduction index and Y is the carbon reduction index, both of which are measured via the projection tracing method. The value range of C is [0,1]. [image: Please upload the image, or provide a URL or describe the image for me to generate the alt text.] and [image: It seems like there was an error or the image was not uploaded correctly. Please try uploading the image again or provide a URL.] are weight values, both of which are set to 0.5. [image: It seems there is no image provided. If you have an image you would like described, please upload it or provide a link, and I will create the alt text for you.] is the system coupling coordination degree of pollution reduction and carbon reduction.
TABLE 1 | Evaluation index system of the synergistic effect of urban pollution reduction and carbon reduction.
[image: Table showing indicators for pollution and carbon reduction. Under "Target level", synergistic management degree is listed. "Primary indicators" include pollution and carbon reduction. "Secondary indicators" for pollution are PM2.5, industrial soot emissions, growth rate, and intensity of soot emissions. For carbon, they are emissions, emission growth rate, and emission intensity.]Core Explanatory Variable: Digital infrastructure (inform). Digital infrastructure refers to the foundational facilities that support the digital operation and smart development of cities, including but not limited to communication networks, data centers, cloud computing platforms, and Internet of Things (IoT) devices. Given the data accessibility at the city level, we utilize the indicator system developed by Tang and Yang (2023), as presented in Table 2. Additionally, we employ the projection pursuit model, optimized using a genetic algorithm, to assess the extent of urban digital infrastructure development. Regarding the construction level of digital infrastructure, we rely on the research conducted by Wen et al. (2022) to select the frequency of words related to digital infrastructure in government work reports each year as a metric for measuring the extent of digital infrastructure development.
TABLE 2 | Digital infrastructure indicator system.
[image: Table displaying digital infrastructure indicators with three main columns: Target level, Primary indicators, and Secondary indicators. For "Digital infrastructure," primary indicators include Construction level, Business Revenue, and Coverage. Corresponding secondary indicators are the interaction in government reports, revenue from telecommunication services, number of international internet users, and total mobile subscriber count at year-end.]Control variables: Based on a synthesis of multiple studies (Lee and Zhao, 2023; Tang and Yang, 2023), this paper controls for relevant variables to explore the synergistic effects of urban pollution reduction and carbon emission reduction in depth.: Economic development level(pgdp) is measured by per capita development, which typically shows a positive correlation with urban pollution reduction and carbon emission reduction outcomes. (Zhang H. et al., 2022); urbanization rate(urb) is reflected by the proportion of the resident urban population; the advancement of urbanization helps improve resource use efficiency and achieve emission reduction targets. Human capital(hum) is measured by the number of higher education students per ten thousand people; enhancing human capital can increase public environmental awareness and promote sustainable development actions. (Fan et al., 2024).The level of transportation infrastructure(trans) is assessed by the ratio of urban road mileage to administrative area; well-developed transportation infrastructure is a key factor in enhancing urban energy efficiency (Zhang X. et al., 2023). Industrial structure upgrading(is) is indicated by the proportion of the tertiary industry in GDP, reflecting the development status of urban services and the level of industrial advancement. Finally, energy consumption intensity (energy) is benchmarked by energy consumption per ten thousand GDP; its reduction directly reflects the improvements in urban energy efficiency and the effectiveness of pollution reduction and carbon emission reduction efforts.
The mediating factors include labor factor flows (lff), capital factor flows (cff), and innovation factor flows (iff). The labor factor flow (lff), capital factor flow (cff), and innovation factor flow (iff) play vital and decisive roles in economic progress, serving as the primary driving forces behind the promotion of sustainable urban transformation. Hence, we utilize the Jones et al. (1986) model on factor flow to develop separate calculation models for labor factor flow, capital factor flow, and innovation factor flow. As exemplified by Equations 3-5.
[image: The equation shown is a formula for the variable \( Jff_{it} \): \((- \frac{labor_{it}/gdp_{it}}{\sum labor_t/\sum gdp_t} - \frac{labor_{it-1}/gdp_{it-1}}{\sum labor_{t-1}/\sum gdp_{t-1}})\), labeled as equation (3).]
[image: Equation labeled (4) for calculating the capital flow indicator (cff) at time t. It is the difference between capital for region i over gdp at time t, and capital for region i over gdp at time t-1, divided by the sum of regional capitals over the sum of gdp for time t, and time t-1.]
[image: The image shows a mathematical formula: \( ff_{ft} = \frac{{patent_{ft}/gd_{pt}}}{{\sum{patent_{ft}}/\sum{gd_{pt}}}} - \frac{{patent_{ft-1}/gd_{pt-1}}}{{\sum{patent_{ft-1}}/\sum{gd_{pt-1}}}} \).]
In this context, [image: The image shows the text "labor subscript i t" in a serif font style, commonly used in mathematical notations.] denotes the total number of individuals who are currently employed inside the city. [image: Italicized word "capital" with the letters "it" in subscript.] represents the fixed amount of capital resources available in the city. [image: The word "patent" is written in italic font with the word "it" in smaller size positioned slightly below the line of "patent".] signifies the total number of patents awarded, which is calculated by summing the number of invention patents, utility model patents, and design patents.
4.2 Econometric modeling
4.2.1 Benchmark regression modeling
This research aims to investigate the correlation between digital infrastructure and the synergistic effect of urban pollution and carbon emissions. To achieve this, an econometric model is constructed as outlined below:
[image: Mathematical equation depicting a model: \( s_{it} = \alpha_0 + \alpha_1 \text{inform}_{it} + \beta \text{controls}_{it} + \mu_i + \lambda_t + \epsilon_{it} \). The equation number is six.]
In this context, [image: Certainly! Please upload the image, and I will provide the alt text for it.] refers to the explained variable, specifically the magnitude of the synergistic management degree of pollution reduction and carbon reduction in city i during year t. Similarly, [image: The word "inform" is italicized with the letters "it" in a subscript format.] refers to the core explanatory variable, namely, the level of digital infrastructure in city i during year t [image: It seems like there might have been an error when trying to provide the image. Please try uploading the image again or provide a link to it.] represents the control variables considered in this study, while [image: Mathematical symbol lambda subscript t, representing a variable or parameter often used in equations or formulas.] represents an individual fixed effect. Additionally, there is a time fixed effect denoted by [image: Greek letter epsilon subscripted with "it" in a mathematical expression.], which represents the random error term that varies across individuals and time periods.
4.2.2 Mediating effect modeling
This paper examines the precise mechanism through which digital infrastructure influences the synergistic effect of reducing urban pollution and carbon emissions. It does so by analyzing the flow of labor factors, capital factors, and innovation factors from three different perspectives. According to Yi et al. (2022), the following mediated effect model is established:
[image: Mathematical equation representing a model: \(M_{it} = \delta_0 + \delta_1 inform_{it} + ycontrols + \mu_i + \lambda_t + \epsilon_{it}\), labeled as equation (7).]
The variable [image: It seems there's no image provided. Please upload an image or provide a URL, and I can generate the alt text for you.] serves as the mediating factor. [image: Please upload the image, and I can help create the alternate text for it.] represents the effect of digital infrastructure on the mediator variable, while the remaining variables are consistent with Equation 6.
4.2.3 Machine learning modeling
To further investigate the nonlinear effects between digital infrastructure and the collaborative effects of urban pollution reduction and carbon emission reduction, this study first employs a random forest model to explore the nonlinear relationship between the two, and then uses the SHAP method to rank and interpret the results.
4.2.3.1 Random forest model
The random forest model, as an efficient ensemble learning method, consists of multiple decision trees. When constructing the model, it first randomly selects samples and subsets of features from the original dataset to build several decision trees, ensuring that each tree is trained independently. Finally, during the prediction phase, it uses a voting method for classification tasks and an averaging method for regression tasks to combine the predictions of all the decision trees, resulting in a final prediction that is accurate and stable. As exemplified by Equation 8. In this study, we have constructed such a random forest model to deeply explore the complex nonlinear relationship between digital infrastructure and the collaborative effects of urban pollution reduction and carbon emission reduction:
[image: Mathematical equation: \( s_{et} = \Phi(inform_{it}, controls_{it}, \mu_{t}, \lambda_{t}, \epsilon_{it}) \), labeled as equation number eight.]
[image: The image shows the Greek letter Phi, represented as a uppercase Φ, followed by a dot within parentheses, indicating a function or operation denoted by Φ applied to an argument.] for fitting using a random forest model.
4.2.3.2 SHAP interpretation method
SHAP is a powerful method for interpreting machine learning model predictions. It is based on the Shapley value from game theory, which assigns an importance score to each feature, quantifying its contribution to the model’s predictions. A key concept within the SHAP framework is the SHAP decomposition method, which allows us to break down the model’s predictions into the contributions of individual features.
The core idea of the SHAP decomposition method is to express the model output (i.e., the prediction) as a weighted sum of the contributions from all features, plus a baseline value. The baseline value represents the model’s predicted outcome when no features are provided. The contribution of each feature (the SHAP value) reflects its marginal impact on the model’s prediction. This decomposition method enables us to intuitively understand how each feature influences the model’s predictions.
Furthermore, to reveal the marginal effects of digital infrastructure on the collaborative effects of pollution reduction and carbon emission reduction, we can construct partial dependence functions [image: It seems there might be a misunderstanding. The text you're providing appears to be a mathematical expression rather than an image. If you have an image you want to provide alt text for, please upload it or share its URL. Otherwise, if you need help with the expression, feel free to ask!]. [image: A mathematical expression displaying the symbol Phi with a caret on top, followed by an open parenthesis, the variable x with subscript one, and a closing parenthesis.] denotes the partial function of the dependent variable on [image: Please provide the image or a URL to it, and I will help you create the alternate text.], while also accounting for the influences of other variables [image: Mathematical sequence displaying variables: x sub one, x sub j two, continuing to x sub j p.] on the dependent variable that have been eliminated via integration; then, the sample is utilized to estimate the entire equation to yield Equation 9:
[image: Mathematical formula showing phi of x sub i equals one over n times the summation from j equals one to n of f of x sub one, x sub j two, through x sub j p. Equation nine.]
4.3 Data source
This study investigates the impact of inform on se in China, utilizing a dataset comprising 282 prefecture-level cities between 2012 and 2021. Primary data sources include the China Statistical Yearbook and China Urban Statistical Yearbook. Carbon emissions at the city level are estimated through assimilating DMSP and VIIRS nighttime lighting data (Wu et al., 2022). PM2.5 data were sourced from the Atmospheric Composition Analysis Group at Dalhousie University, Canada. Missing data points are interpolated using linear interpolation methods. Descriptive statistics of variables are shown in Table 3.
TABLE 3 | Descriptive statistics.
[image: Table displaying statistical data for various variables including number of observations, mean, standard deviation, minimum, and maximum values. Variables listed are se, inform, pgdp, urb, hum, trans, is, energy, lff, cff, and iff, each with 2,820 observations. Values vary across means and ranges, with notable extremes like energy's maximum of 1,204.9430 and minimum for lff at -184.6440.]5 RESULTS AND DISCUSSION
5.1 Benchmark regression analysis
To disentangle the specific impact of inform on se, we employed stepwise regression analysis, incorporating control variables to account for their influence. The results presented in Table 4 demonstrate that core explanatory variables exhibit statistically significant positive relationships at a 1% significance level. Importantly, the inclusion of additional control variables yielded no alterations in outcomes, suggesting the critical role of digital infrastructure in fostering synergy between urban pollution reduction and carbon abatement (Du et al., 2023). This finding further supports the validity of hypothesis H1.
TABLE 4 | Benchmark regression results.
[image: Regression results table with variables "inform," "pgdp," "urb," "hum," "trans," "is," and "energy" across seven models. Coefficients, standard errors, and significance levels are displayed. Notable significance is shown for "inform," "trans," and "_cons." Results show different values in terms of robustness and clustering at the city level. Significance is marked at the one percent, five percent, and ten percent levels. The table notes the total observations \(N = 2820\) and varies in \(R^2\) values from 0.503 to 0.527.]Control variable analysis reveals a strong synergistic relationship between digital infrastructure and the reduction of pollution and carbon emissions. Higher levels of economic development, urbanization rates, transportation infrastructure, and industrial structure upgrading all positively impact combined reductions in pollutants and greenhouse gases. This synergy can be attributed to the positive correlation between higher economic development, technological progress, and strengthened environmental standards, which drive enterprises towards adopting more sustainable production practices, leading to decreased pollution. Furthermore, urban sprawl is linked to resource efficiency, the promotion of eco-friendly infrastructure, and the emergence of environmentally focused facilities. In transportation, advancements contribute to increased network efficiency, reduced traffic congestion, and limited vehicular emissions. Meanwhile, the transformation of industrial structures involves restructuring heavily polluting industries towards cleaner production methods and green innovations, resulting in reduced carbon emissions (Mentel et al., 2022). In contrast, previous studies have shown that human capital can positively influence environmental outcomes when accompanied by sufficient technological expertise and investment in education(Wang Q. et al., 2022). This suggests that the negative impact observed in this analysis may stem from a current mismatch between educational outcomes and industry needs in China, leading to inefficiencies in carbon reduction initiatives. Additionally, other research highlights that energy intensity’s impact on emissions varies significantly across regions, with some regions achieving better results through targeted energy-saving technologies(Hosan et al., 2022). The negligible influence of energy intensity in this study may indicate a broader systemic issue, where cities fail to implement effective energy-saving strategies, as suggested by the persistent high energy consumption rates in many Chinese urban centers.
5.2 Robustness test
To confirm the trustworthiness of the benchmark regression results, this research performs robustness tests in the following manner:
5.2.1 Endogeneity test
To investigate potential reciprocal relationships between the advancement of digital infrastructure and integrated pollution and carbon reduction management in urban areas, an endogeneity test is conducted. Drawing upon Gao et al. (2022), post offices from 1984 are selected as instrumental variables for 2SLS estimation alongside digital infrastructure level data from the preceding year. This approach acknowledges the historical role of postal services as crucial information exchange channels, reflecting a precursor to modern digital infrastructure. Notably, the shift towards contemporary communication technologies renders the post office less relevant today. Moreover, 1984 falls outside the study’s timeframe, ensuring its exogeneity and applicability for this analysis. Considering cross-sectional data, an interaction term is constructed by incorporating both the number of post offices in 1984 and national internet investment levels from the preceding year. This approach aligns with the methodology of Nunn and Qian (2014), further emphasizing the instrumental variable strategy. We also utilize the digital infrastructure level from the previous year as an additional instrumental variable to account for its dynamic nature and impact on current-year development.
The regression results are presented in columns (1) and (2) of Table 5. These findings demonstrate that coefficients of primary explanatory factors maintain statistically significant positive correlations, highlighting the continued relevance of digital infrastructure in facilitating coordinated pollution and carbon reduction management. In addition to this, both instrumental variables successfully passed the nonidentification test and weak instrumental variable test, strengthening their validity and emphasizing the significance of digital infrastructure for mitigating urban pollution and carbon emissions.
TABLE 5 | Robustness test.
[image: A table presenting regression results across six models. Columns display the coefficients for variables like inform, pgdp, urb, hum, trans, is, energy, appcp, and bluesky, with standard errors in parentheses. Statistical significance levels are indicated by asterisks next to coefficients: * for p<0.1, ** for p<0.05, and *** for p<0.01. Additional rows include tests for unidentifiable and weak instrumental variables, a constant term, and notes on P values. The bottom section notes city and year fixed effects, sample size (N), and R-squared values for each model.]5.2.2 Controlling for high-dimensional fixed effects
To account for potential unobservable province-level characteristics, province fixed effects are incorporated into the baseline regression model. This adjustment mitigates their influence on the regression coefficients, as shown in column (3) of Table 5. These results reveal notably positive regression coefficients for key explanatory variables, suggesting that digital infrastructure demonstrably fosters a synergistic effect in reducing urban pollution and carbon emissions. This implies a substantial impact of digital infrastructure on achieving these goals.
5.2.3 Bilateral tailoring process
This paper addresses the issue of distorted or biased regression coefficients stemming from unrealistic extreme values. To achieve this, we analyze bilateral shrinkage of the tail in the upper and lower 1% quartiles as shown in Table 5 column (4). The results reveal consistently positive regression coefficients for digital infrastructure that are consistent with those obtained from a benchmark regression model.
5.2.4 Adjusting the sample interval
The implementation of the Broadband China pilot policy in 2013 directly correlates with digital infrastructure development, thus rendering this study’s focus on the period between 2014 and 2021 particularly relevant. Column (5) of Table 5 reveals significant positive impacts at the 1% level for key explanatory variables, indicating reliable and strong conclusions derived from the benchmark regression analysis.
5.2.5 Control of other policies
The influence of environmental policies such as the Action Plan for Prevention and Control of Air Pollution (2013–2017) and the Three-Year Action Plan for Winning the Battle for the Blue Sky, as documented by Li L. et al. (2024) and Liu et al. (2021), exerts a significant influence on collaborative pollution reduction and carbon abatement efforts. To account for potential perturbations caused by these policies on air pollutants and carbon emissions, this study integrates both policies as dummy variables into the benchmark regression (column 6 of Table 5). Remarkably, even after incorporating policy shocks, primary explanatory variables consistently demonstrate significant positive effects, affirming the role of digital infrastructure in accelerating synergy between pollution reduction and carbon abatement. This underscores its crucial contribution to advancing collaborative urban environmental enhancement efforts.
5.3 Heterogeneity analysis
The impact of digital infrastructure development varies across cities, influencing their collaborative capabilities for pollution reduction and carbon mitigation strategies. Geographic location, city size, and available resources all contribute to these distinct impacts.
5.3.1 Geographic location heterogeneity
To investigate the influence of inform on se, it is crucial to account for regional variations. Studies conducted by Liang et al. (2021) and Pu et al. (2020) have categorized the country into three regions: East, Central-West, and North-South. Utilizing a permutation test, this study assessed the variation in regression coefficients across these groups. The findings are presented in Table 6.
TABLE 6 | Geographic location heterogeneity test.
[image: A table presents regression results for four regions: East, Central-West, North, and South. Each column lists coefficients for variables: inform, pgdp, urb, hum, trans, is, and energy, with corresponding t-values in parentheses. Significant levels are indicated by asterisks. These results include constants and mention experienced p-values. Additional notes indicate that empirical p-values are used and were obtained by 1,000 bootstrap replicates, with city and year controls included. Sample sizes (N) and R-squared values are provided for each region.]Statistical analysis reveals significant intergroup differences between regions classified as Eastern, Central-Western, and North-South. Regression coefficients for core explanatory variables within the Eastern and Central-Western regions demonstrate significantly positive values with the Eastern region exhibiting a coefficient exceeding that of the Central-West region. This indicates that in the eastern region, the role of digital infrastructure in promoting pollution reduction and carbon emission mitigation is more pronounced, which may not be consistent with the conclusions of existing studies (Zhong et al., 2024). This could be due to the more rapid development of digital infrastructure in the eastern region (Ma and Lin, 2023), which makes it easier to leverage the connectivity advantages of digital infrastructure. This facilitates cross-regional cooperation and resource sharing, and more effectively integrates resources, thereby improving the efficiency of coordinated pollution reduction and carbon emission mitigation efforts. Analysis comparing the Northern and Southern regions reveals a significant regression coefficient of 0.2077 for the Northern region (passing the 1% significance test), aligning with research by Zhang et al. (2023) who highlight the Northern region’s position as a major heavy industrial base in China and its distinct air pollution challenges due to severe winter climate conditions. This emphasizes the need to bolster environmental governance and infrastructure development, leveraging digital technology effectively for monitoring and addressing environmental challenges within the region.
5.3.2 Heterogeneity of city size
Considering that urban size may have an impact on the pollution reduction and carbon emission effects of digital infrastructure, this study explores the heterogeneity of urban size from the perspective of population scale1. As shown in columns (1) and (2) of Table 7, the differences in coefficients between the aforementioned groups are highly significant. Notably, the coefficient for large cities is notably smaller at 0.0728. This is in line with the research of other scholar(Liao and Liu, 2024), which may be due to the fact that larger cities require more resource elements during the digital transformation process, resulting in poor coverage of digital infrastructure(Lin and Ma, 2022). This discrepancy could be attributed to the resource-intensive nature of digital transformation within larger cities, leading to inadequate digital infrastructure coverage and hindering its role in synergistic pollution and carbon reduction processes. Furthermore, large cities’ broader regional scope necessitates increased coordination and investment in resources for policy implementation, potentially posing greater challenges compared to smaller cities(Yang, Yeh and Wang, 2018).
TABLE 7 | Heterogeneity test of urban scale and resource endowments.
[image: A table displaying statistical results for four models: Large, Small-medium, Resource, and Non-resource. Variables include inform, pgdp, urb, hum, trans, is, energy, and experienced p-value. Each entry contains a coefficient with significance levels (indicated by asterisks) and t-values in parentheses. Control variables include city and year. Sample sizes (N) and R-squared values are provided at the bottom, ranging from 1,110 to 1,710 and 0.484 to 0.600, respectively.]5.3.3 Resource endowment heterogeneity
Given the significant differences in industrial structure, energy consumption patterns, and environmental challenges between resource-based and non-resource-based cities, we will categorize the samples into these two types of cities to explore in more detail the differing roles of digital infrastructure in helping them achieve pollution reduction and carbon emission targets. The results are shown in columns (3) and (4) of Table 7. A significant positive correlation is observed in the regression coefficients of primary explanatory variables, evident across both resource-based and non-resource-based cities. The disparity between these groups is highly statistically significant. Digital infrastructure plays a crucial role in enabling cities to achieve their pollution and carbon reduction objectives, particularly for resource-based cities, where industries heavily reliant on extractive and heavy energy sources dominate(Cai and Lin, 2022). Consequently, environmental pollution and carbon emissions become increasingly pronounced, highlighting the urgent need for enhanced environmental governance measures. In resource-based cities, digital infrastructure deployment can accelerate industrial digital transformation, improve energy utilization efficiency, and simultaneously mitigate carbon and pollutant emissions (Pan et al., 2023), fostering a mutually beneficial outcome in achieving both pollution and carbon reduction goals.
5.4 Mechanism analysis
To validate the hypothesis H2, regression analysis was conducted using Equation 7, as presented in Table 8. The results clearly demonstrate a significantly positive correlation between digital infrastructure and the flow of labor, capital, and innovation factors. This suggests that digital infrastructure fosters a synergistic effect by accelerating these factor flows, ultimately contributing to cleaner air and reduced carbon emissions.
TABLE 8 | Mechanism test results.
[image: A table displays regression results across three models labeled lff, cff, and iff. It includes variables inform, pgdp, urb, hum, trans, is, energy, and _cons, with their coefficients and t-statistics in parentheses. Significant levels are denoted by asterisks: * (p < 0.1), ** (p < 0.05), *** (p < 0.01). Additional rows indicate controls for city and year, with sample sizes (N) of 2,820 and R-squared values of 0.255, 0.037, and 0.033, respectively.]Digital infrastructure facilitates efficient movement of all three factors. For instance, the adoption of digital technologies enhances transparency in labor markets, reduces labor mobility costs (Hua and Zhang, 2024), and optimizes labor allocation. In relation to capital flow, digital infrastructure offers enhanced trading platforms and risk management tools within the capital market, leading to improved liquidity and allocation efficiency (Dong et al., 2022). Regarding innovation factors, digital infrastructure serves as a strong catalyst for scientific and technological advancements (Bygstad and Øvrelid, 2020), fostering efficient sharing and integration of innovation resources and promoting urban industrial structure upgrades. The acceleration of these factor flows ultimately alters the city’s industrial structure by optimizing resource allocation, enhancing production efficiency, improving energy utilization efficiency, reducing energy waste, and lowering pollutant emissions. Simultaneously, industrial restructuring promotes environmentally friendly and sustainable practices, further bolstering pollution reduction and carbon mitigation efforts.
5.5 Nonlinear effect
This study employs a random forest model with regression trees as the base learner to investigate the relationship between inform and se, utilizing the minimum mean square error criterion (Li et al., 2018). A biased dependence model is employed to elucidate the marginal influence of digital infrastructure on this synergistic effect. Figure 2 presents the ranking of importance for various feature variables, revealing that the driving factors for the synergistic effect of urban pollution reduction and carbon mitigation are, in order: transportation infrastructure level, industrial structure level, digital infrastructure level, energy consumption intensity, human capital, urbanization rate, and per capita economic development level. To analyze the manner in which digital infrastructure influences the synergistic effect of urban pollution reduction and carbon mitigation, this paper further employs a partial dependence plot to illustrate the dependency relationship between digital infrastructure and the synergistic effect of urban pollution reduction and carbon mitigation.
[image: Bar chart showing variable importance. The variables are transf, ts, interim, energy, hum, utb, and pyrpo. Transf has the highest importance, over 2.0, followed by ts and interim. The remaining variables have lower importance values below 1.5.]FIGURE 2 | Variable importance.
Figure 3 displays a diagram illustrating these relationships. Specifically, the synergistic impact of digital infrastructure on urban pollution reduction and carbon mitigation exhibits a distinct U-shaped relationship. This discrepancy can be attributed to the stage of development in urban digital infrastructure: early stages may not effectively contribute to enhanced synergistic effects in both pollution and carbon reduction. However, once digital infrastructure reaches a certain degree of maturity, it facilitates the adoption of sustainable practices across various sectors, accelerating progress towards cleaner air and reduced emissions.
[image: Line graph illustrating partial dependence on the y-axis against the number of informants on the x-axis. The curve starts high at approximately 0.88 for zero informants and declines sharply, leveling off around 0.84 as the number increases.]FIGURE 3 | Bias dependence diagram.
In contrast, other studies have indicated a more linear relationship between digital infrastructure and environmental outcomes (Tao et al., 2023; Zheng et al., 2023c).These studies suggest that even at early stages of digital infrastructure development, there can be immediate benefits in terms of efficiency improvements and better data management for pollution control. The differences in findings may arise from varying contextual factors, such as the specific technological tools implemented or the regulatory environments of different regions. For instance, regions that prioritize smart technologies and have supportive policies may experience immediate improvements, while others may lag due to insufficient investment or planning.
6 CONCLUSIONS AND SUGGESTIONS
6.1 Conclusions
This study employs a multi-faceted approach to analyze panel data from 282 Chinese cities, employing a two-way fixed-effect model, a mediated-effects model, and a machine learning model for comprehensive assessment. The objective is to investigate the influence of digital infrastructure on coordinated urban pollution and carbon emissions reduction, quantifying its impact through an evaluation of urban digital infrastructure levels.
The study reveals:
	(1) The study provides a deeper understanding of how digital infrastructure plays a pivotal role in amplifying the efficacy of urban pollution and carbon emissions reduction initiatives, leading to their synergistic governance. By examining geographical disparities, urban dimensions, and resource endowments, it is evident that regions in the east, northern cities, and smaller or resource-dependent municipalities witness a more pronounced beneficial effect. This suggests that the spatial distribution and characteristics of cities significantly influence the capacity of digital infrastructure to drive environmental improvements.
	(2) The research underscores the transformative impact of digital infrastructure in harmonizing urban pollution and emission reduction efforts. It does so by enabling the smooth circulation of labor, capital, and innovative elements, which are crucial for optimizing resource distribution. This optimization is instrumental in steering the economy towards a greener trajectory. As a result, there is a notable enhancement in energy efficiency, a reduction in emissions, and a subsequent decline in environmental pollution levels, highlighting the critical role of digital infrastructure in advancing sustainable urban development.
	(3) Employing a random forest model, the study reveals the complex, non-linear dynamics between digital infrastructure and the concurrent management of pollution and carbon emissions. It is observed that during the initial stages of digital infrastructure expansion, high energy consumption may counteract environmental efforts. However, as the infrastructure evolves, it becomes a catalyst for industry-wide digital transformation, which is essential for environmental conservation and emission reduction. This transition underscores the importance of maturation in digital infrastructure as a key factor in aligning pollution and carbon mitigation strategies effectively.

This study deepens the integration of digital economy and sustainable development theories, clarifying how digital infrastructure accelerates urban pollution reduction and carbon reduction processes in a nonlinear manner by facilitating the flow of labor, capital, and innovation factors. More importantly, this research provides policymakers with a theoretical foundation for precise policy implementation, aiding them in making more informed decisions while promoting regional differentiated development, optimizing resource allocation, and seeking a balance between digital infrastructure construction and environmental protection goals. This not only aligns closely with the national strategy of actively promoting “new infrastructure” and achieving “dual carbon” goals but also offers practical strategies and pathways for achieving a green transformation of the economy and society.
6.2 Recommendations for countermeasures
Based on these findings, the paper recommends several strategic approaches to maximize the impact of digital infrastructure on urban pollution and carbon emissions mitigation:
(1) Policymakers will use differentiated strategies based on New Infrastructure Plan and carbon peaking/neutrality targets to promote digital infrastructure development for emission reduction. Areas with strong economies and tech capabilities (east and north) should focus on optimizing existing infrastructure to maximize emission reductions potential. Smaller cities and resource-rich areas can leverage regional development policies to increase digital infrastructure investment, enabling green transitions in traditional industries through technology. Finally, promoting interregional digital infrastructure connectivity aligned with initiatives like the Belt and Road Initiative will facilitate resource sharing and collaborative governance for stronger emissions reduction effect.
	(2) To enhance the green economy, governments will promote green industries and low-carbon fields through the strategy on developing a quality workforce. This includes providing job training and information to help workers develop green skills. Additionally, policies like green finance encourage capital investment in green projects. Digital innovation platforms will also be created to attract new talent and innovation resources for emissions reduction and accelerate the city’s green transformation.
	(3) During digital infrastructure development, prioritize environmental management and oversight throughout construction to control energy consumption and emissions. Post-completion, encourage industries to leverage digital technologies for green transformation (energy efficiency, reducing carbon and pollution) and maximize the impact of this infrastructure on emission reduction and coordinated governance. Leveraging big data and AI technology can establish a dynamic evaluation mechanism for timely policy adjustments, enabling more precise and effective management.

6.3 Research outlook
This study examines how digital infrastructure impacts pollution and carbon reduction efforts, contributing to a dual-carbon strategy. However, further optimizations are necessary:
(1) While this research focuses on Chinese cities, future studies should broaden to include diverse nations and regions worldwide. Comparative analyses across these distinct contexts will reveal the varying influences of digital infrastructure on climate change mitigation strategies. Such insights can yield actionable guidelines for global climate efforts.
	(2) The impact of digital infrastructure is particularly potent when integrated into crucial sectors like manufacturing and transportation. Deeper research should focus on assessing the specific effects of this integration on the collaborative management of pollution and emissions reduction. A thorough analysis can highlight the vital role of digital infrastructure in pollution and carbon mitigation, providing a more robust foundation for policy development and implementation.
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FOOTNOTES
1According to the “Notice from the State Council on Adjusting the Standards for Urban Size Classification,” based on the resident population of municipal districts in 2015, cities with a population of over one million are classified as large cities, those with a population between 500,000 and one million are classified as medium-sized cities, and those with a population of less than 500,000 are classified as small cities
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Urban shrinkage, characterized by population loss and economic decline, poses unique challenges to carbon neutrality goals. While existing studies focus on energy-related emissions in shrinking cities, the role of land use dynamics remains underexplored. This study systematically investigates land use carbon emissions (LUCE) in shrinking counties to address this gap. Focusing on the Beijing-Tianjin-Hebei (BTH) region (2000–2020), we integrated population indices, land use data, energy statistics, and nightlight imagery to classify counties into non-shrinking, continuous, temporary, and potential shrinkage types. Direct and indirect carbon emissions were estimated using emission coefficients and energy consumption models. Key findings include: (1) Non-shrinking counties, concentrated in urban cores, exhibit higher LUCE but slower growth rates, whereas shrinking peripheral counties show lower emissions but faster LUCE growth. (2) Continuous shrinkage counties experience the highest LUCE growth due to inefficient built-up area expansion, despite having significant carbon sinks. (3) Severe shrinkage counties demonstrate the fastest total carbon emissions (TCE) growth, with per capita emissions (PCE) positively correlated to shrinkage intensity. These findings highlight the need for differentiated policies: prioritizing land-use efficiency in shrinking counties, integrating regional equity into emission governance, and leveraging carbon sinks in ecologically rich areas.
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1 INTRODUCTION
The carbon emission pressure has become increasingly severe, constituting a serious menace to both the regional ecological environment and sustainable human development. According to the International Energy Agency (IEA, 2023), China accounted for around 28% of global CO2 emissions in 2022, totaling 12.1 billion tonnes. The industrial and energy sectors dominate national emissions, accounting for 65% of the total, while rapid urbanization has driven a 40% increase in carbon emissions from urban construction and transportation since 2010. For instance, built-up areas expanded by 25% in the Beijing-Tianjin-Hebei (BTH) region from 2000 to 2020, directly correlating with a 38% rise in regional carbon emissions (National Bureau of Statistics of China, 2023). These trends underscore the urgency of reconciling urban development with emission reduction goals, particularly in regions experiencing population shrinkage (Zhang et al., 2022a). To address the carbon emissions challenge, the Chinese government has put forward a plan to reach the peak of carbon emissions by 2030 and attain carbon neutrality by 2060 (Zhang et al., 2022). As China’s economy enters the transition stage, the constraints on the available resources and the environment continue to increase, as well as the Matthew effect of the factor agglomeration (Zhang et al., 2022). This effect further enlarges the dominant position of the economically developed regions in various fields, aggravates the imbalance of regional development, intensifies the spatial concentration and dispersion of the population, and some cities show a shrinking trend. The predominant manifestations of this effect encompass population depletion, economic recession, escalating unemployment, deserted land, unoccupied houses, and environmental deterioration, among other aspects (Guo et al., 2021). Conversely, a decline in population can to a certain degree ease the pressure on the environment and resources, and consequently lead to a reduction in carbon emissions (Herrmann et al., 2016). In the face of the new trend of urban shrinkage, clarifying the differences in carbon emissions among different regional cities with various development types is of significant importance for formulating regional carbon reduction plans and promoting urban sustainable development.
The concept of urban shrinkage originated in Europe in the 1980s, particularly in post-industrial regions such as Germany’s Ruhr Valley and Eastern Europe, where deindustrialization and population aging triggered sustained population decline (Häußermann and Siebel, 1988). Recent research has highlighted that it is prevalent in both developed and developing countries and is a global phenomenon. In Europe, cities such as Leipzig and Dresden have implemented “smart shrinkage” policies that focus on urban greening and compact development to address population decline and economic stagnation (Artmann et al., 2019; Kim et al., 2020). In the United States, rust belt cities such as Detroit and Cleveland experienced significant shrinkage due to deindustrialization, leading to widespread urban decay and population loss (Sutradhar et al., 2024). Similarly, Japan is facing shrinking cities due to an aging population and declining birth rate, with cities such as Kitakyushu adopting compact urban forms and renewable energy integration to mitigate this impact (Onodera et al., 2024).
The urban shrinkage in China has some unique factors such as population aging and the decline of resource-based cities. For example, cities in Northeast China, which once relied on heavy industry and natural resources, are facing significant economic decline and population loss due to resource depletion and industrial restructuring (Chen, 2024; Xie et al., 2022). In addition, China’s aging population exacerbates urban shrinkage as younger generations migrate to economically active areas, leaving behind an older, less economically active population (Kang et al., 2024). These factors set China’s urban shrinkage apart from other countries and require a targeted policy response.
Compared with non-shrinking cities, shrinking cities exhibit distinct transformation dynamics in population, economy, society, and land use patterns, which may catalyze novel pathways for carbon emission evolution. Scholars globally have initiated systematic investigations into the interplay between urban shrinkage and carbon emissions, yielding preliminary insights into their complex relationship. For instance, Maerz et al. (2013) conducted a seminal analysis of low-carbon transition barriers and enablers in German shrinking cities, emphasizing structural economic constraints. Schwartz et al. (2020) demonstrated that strategic optimization of urban green spaces in shrinking contexts could reduce emissions by up to 15%, highlighting the role of ecological planning. In the Chinese context, Yang et al. (2022) revealed divergent carbon emission trajectories between growing and shrinking cities, with the latter showing accelerated per capita emissions despite population decline. A notable contribution by Xiao et al. (2019) quantified emission disparities, identifying a persistent upward trend in rapidly shrinking cities, whereas Tong X. et al. (2022) reported an inverted U-shaped emission curve in such contexts. Complementing these findings, Liu X. et al. (2020) and Zeng et al. (2022a) established scale-dependent correlations, showing that shrinkage-induced emission increases were disproportionately pronounced in smaller urban units. Further granularity was added by Zeng et al. (2022b), who delineated shrinkage-driven reductions in both energy consumption efficiency and carbon emission performance.
Despite these advancements, three critical limitations persist in the current scholarship. First, extant literature predominantly focuses on energy-related emissions, overlooking the mediating role of land use dynamics in shaping emission pathways. While land cover alterations (e.g., deforestation, urbanization) directly release sequestered carbon (Zhang et al., 2022b), indirect emissions from land use-associated activities—such as transportation networks and construction sprawl (Yang et al., 2022)—remain underexplored in shrinkage contexts. Second, the prevailing reliance on prefecture-level city analyses in Chinese studies inadequately captures localized shrinkage mechanisms. Given their administrative granularity and economic vulnerability, counties serve as more sensitive indicators of shrinkage impacts (Guan et al., 2021; Tong et al., 2022b). Third, although population size and shrinkage intensity have been incorporated into emission models, the temporal trajectories of shrinkage (e.g., continuous vs. episodic) and their emission implications remain virtually unaddressed in empirical research.
This study advances shrinkage research by addressing three critical gaps in prior work: First, while existing literature predominantly focuses on energy-related emissions, we establish land use dynamics as a key mediator between shrinkage and carbon outcomes. Second, our county-level analysis reveals spatial heterogeneities obscured in prefecture-level studies. Third, we pioneer the classification of shrinkage trajectories (continuous, temporary, potential), demonstrating their distinct emission pathways. By elucidating the relationship between urban shrinkage and accelerated LUCE, our findings provide critical insights for tailoring carbon reduction strategies to different shrinkage trajectories. For policymakers, the results underscore the need to prioritize land-use efficiency in shrinking counties and integrate regional equity into emission governance. Ultimately, this work contributes to bridging the gap between urban shrinkage studies and low-carbon transition policies, offering actionable pathways for achieving China’s 2030/2060 carbon goals.
2 MATERIALS AND METHODS
2.1 Study area
The Beijing-Tianjin-Hebei region is located in the heart of China’s Bohai Sea region, between 113°27′-119°50′E and 36°05′-42°40′N (Figure 1). It has a land area of 216,000 km2 and is considered the most densely populated and economically active urban area in northern China. Moreover, it has two municipalities directly under the central government of Beijing and Tianjin and Hebei province, with a total of 199 county-level administrative districts and a resident population of 107 million by the end of 2020. From 2000 to 2010, 34 districts and counties lost their resident population, while during the decade 2010-2020, 114 districts and counties lost their resident population, accounting for more than half of the number of counties and districts in the Beijing-Tianjin-Hebei region, which corresponds to an increase of nearly three times, with the regional population loss intensifying and the trend of shrinkage coming into the fore. Additionally, the region faces severe economic disparities, with GDP per capita in shrinking counties being significantly lower than in non-shrinking counties (Wang et al., 2020). In 2020, the carbon emissions of the Beijing-Tianjin-Hebei city cluster will be 601 million tons, which is equivalent to an increase of 335 million tons compared with 2009 (266 million tons). The BTH region exhibits a prominent trend of population shrinkage and severe pressure for carbon emission reduction. It is an important experimental field for exploring urban carbon emission reduction in the context of shrinkage.
[image: Map showing the Hebei province in China, highlighting land use types with a detailed inset for location reference. Land categories include forest (green), cropland (yellow), grassland (light green), construction (orange), water (blue), and unused land (red). Boundaries and scale are indicated.]FIGURE 1 | Geographical location of the studied area.
2.2 Data sources
The demographic information was sourced from the fifth (2000), sixth (2010), and seventh (2020) national censuses of China, publicly available through the National Bureau of Statistics (http://www.stats.gov.cn). The land use data for the years 2000, 2010, and 2020 were obtained from the esteemed Data Center for Resources and Environmental Sciences, affiliated with the Chinese Academy of Sciences, accessible via their official website (http://www. resdc.cn). These land use datasets were classified into six fundamental categories: cropland, forestland, grassland, water, construction land, and unused land. Each category has a spatial granularity of 30 m. The regional energy consumption data in the BTH region were derived from China Energy Statistical Yearbook. The data of the administrative territory originated from the 1:100,000 Chinese Geographical Information Resources Directory Service System (http://www.webmap.cn). The nightlight dataset (Version 2.0, 1000 m resolution) was obtained from the Global Change Scientific Research Data Publishing System (https://www.geodoi.ac.cn). Specifically, we utilized the comprehensive Chinese Long Time Series Night Light Dataset spanning from 2000 to 2020. To address administrative boundary changes (e.g., mergers or splits of counties), we standardized all data to the 2020 county boundaries using spatial overlay and area-weighted interpolation in ArcGIS 10.8. Historical census data were adjusted to match the 2020 administrative divisions.
2.3 Research methods
2.3.1 Methodological framework
This study adopts a systematic approach to analyze LUCE in shrinking cities within the Beijing-Tianjin-Hebei (BTH) region. The methodological framework comprises four key steps: (1) Data Preparation: Integration of multi-source datasets, including population census, land use maps, energy statistics, and nighttime light imagery, standardized to 2020 administrative boundaries. (2) Shrinkage Identification: Classification of counties into non-shrinking and shrinking types (continuous, temporary, potential) based on population dynamics (2000–2020). (3) Land Use Dynamics Analysis: Quantification of land use changes using dynamic degree indices and correlation with LUCE trends. (4) Carbon Emission Estimation: Calculation of direct emissions (via land use coefficients) and indirect emissions (via energy consumption models).
2.3.2 Identification of shrinking counties
Based on the relevant works in the literature (Hu et al., 2021; Yang et al., 2022; Zhou et al., 2021), the characteristics of shrinking cities are usually manifested in three aspects: population loss, economic decline, and spatial decay. However, in the specific identification of shrinking cities, the scientific community has not yet established a uniform standard. Nevertheless, population loss is generally regarded as the main characteristic of shrinking cities. Moreover, the shrinkage of cities in China is manifested primarily by population outflow from those cities facing vulnerable competition, whereas economic recession and spatial decay are not as pronounced (Chen et al., 2022).
Therefore, county-level administrative areas were used here as the research unit, and population loss was taken as the identification sign of the county shrinkage. The census data of permanent residents were used in this work, which were divided into T1 and T2 phases with a 10-year interval between censuses. T1 was 2000–2010 and T2 was 2010–2020. The years 2000, 2010, and 2020 were selected as temporal nodes for three key reasons: 1. Data Consistency: China conducts its national population census every decade (2000, 2010, 2020), providing authoritative and standardized demographic data essential for longitudinal analysis. 2. Shrinkage Trajectory: Before 2000, county shrinkage in the BTH region was negligible (Liu et al., 2020b). From 2000 to 2010, shrinkage intensified (34 counties), and by 2010–2020, over half of counties experienced population loss, marking a critical transition from localized to widespread shrinkage. 3. Policy Relevance: The 20-year span captures China’s urbanization and carbon policy shifts, enabling analysis of LUCE trends under varying shrinkage intensities and governance phases. Meanwhile, PI (population index) was used to define population shrinkage rate of each county and district in each period.
[image: Formula for Percent Increase (PI): \((\text{POP}_2 - \text{POP}_n)/\text{POP}_n \times 0.1 \times 100\%\).]
In Formula (1), PI stands for the population index. Meanwhile, POPi1 and POPi2 represent the populations as cited in the national censuses conducted in i1 and i2, respectively. The factor of 0.1 is used to convert the population change over a 10-year period into an annualized rate.
2.3.3 Types of shrinking counties
To comprehensively analyze the unique characteristics and variations observed in county shrinkage, a review of the relevant works in the literature was conducted (Gao et al., 2022; Guan et al., 2021; Wolff and Wiechmann, 2018). This research categorized counties into eight distinct types, based on their respective shrinkage trajectories and degrees (Table 1).
TABLE 1 | Types of shrinking counties.
[image: Table comparing shrinkage trajectories and intensities. Columns include shrinkage trajectory (continuous, potential, temporary, non-shrinkage) with descriptions based on growth or shrinkage during 2000-2010 and 2010-2020. Shrinkage intensity categories are slight, moderate, severe, and extreme with corresponding PI percentage ranges.]2.3.4 Land use dynamic degree
The land use dynamic degree serves as an indicator, offering insights into the tempo and magnitude of alterations occurring within various land use categories within the designated study area, spanning across a specified time frame (Du et al., 2022; Huang et al., 2018). The computation of the dynamic degree pertaining to a specific land use type can be performed using the following Formula (2):
[image: Mathematical formula describing a percentage calculation: \( S_t = \left( \frac{U_{n2} - U_{n1}}{U_{n1}} \right) \times (t_2 - t_1)^{-1} \times 100\% \).]
where Si is the single dynamic degree of land use type i, Uit2 is the area of land use type i in the study area at time t2, Uit1 is the area of land use type i at time t1, and t2∼t1 is the study period.
2.3.5 Estimation of LUCE
LUCE encompass two distinct categories: direct and indirect emissions (Hong et al., 2023; Yang and Liu, 2023). Direct carbon emissions are the emissions that directly originate from different land use types during their utilization. Specifically, they comprise emissions from cropland, forest, grassland, water, and unused land. Conversely, indirect carbon emissions are related to the energy consumption linked with socioeconomic activities, production procedures, and the inhabitation of land allocated for construction (Rong et al., 2023; Song et al., 2023).
	 (1) The estimation of direct carbon emissions emanating from diverse land-use categories was conducted employing the carbon emission coefficient methodology. Specifically, the coefficients assigned to cropland, forest, grassland, water, and unused land were quantified as 0.422, −0.623, −0.021, −0.253, and −0.007 tons per hectare per annum (t/hm2 a), respectively (Wang et al., 2021; Yan et al., 2022; Zhang et al., 2024; Zhu et al., 2019). The Formula (3) utilized for calculating direct carbon emissions is presented as follows:

[image: Formula showing \( C_d = \sum e_i = \sum_{i=1}^{5} A_i \times a_i \) with equation number 3.]
where [image: Please upload the image or provide a URL, and I will help create alternate text for it.] is the total amount of direct carbon emissions, [image: Please upload the image or provide a URL so I can help create the alternate text for it.] states the carbon emission generated by the [image: Please upload the image or provide a URL for me to create the alt text.] land use type, [image: Please upload the image or provide a URL, and I can help generate the alt text for it.] denotes the area of land use type [image: Please upload the image or provide a URL for the image you would like described.], and [image: The image shows the Greek letter alpha, α, with a subscript i.] represents the carbon emission coefficient of land use type [image: It seems there is no image provided. Please upload the image or provide a URL for me to generate the alt text.].
	 (2) Indirect carbon emissions: The construction land also account for a significant portion of the energy expenditure generated by human activities. Carbon emissions can be estimated indirectly by considering the energy consumed during the utilization of the construction land. The Equation (4) for this estimation is as follows:

[image: Mathematical expression showing \( C_i = \sum E_j = \sum m_j \times \beta_j \times \gamma_j \) with equation number four in parentheses.]
where [image: Please upload the image or provide a URL for me to generate the alt text.] is the indirect carbon emissions, [image: It seems there was an issue with the image upload. Please try uploading the image again or provide a URL. If there is any additional context or caption you want to provide, that would be helpful as well.] represents the carbon emissions from various fossil energy sources, [image: The image shows a mathematical symbol "m" with a subscript "j".] stands for the fossil energy consumption, [image: It looks like you entered a mathematical symbol or expression, not an image. If you have an image to describe, please upload it or provide a URL.] is standard coal conversion coefficient, and [image:  Mathematical symbol displaying the Greek letter gamma with a subscript j.] refers to the carbon emission coefficient.
To this end, the conversion coefficient of the energy standard coal issued by the (IPCC, 2006) was used in combined with the carbon emission coefficient studied by the scientific community in the BTH region (Cui et al., 2019; Zhou Ying et al., 2021), and the relevant parameters are presented in Table 2. Due to the lack of county-level energy consumption statistics, the night light data is combined with energy consumption statistics to estimate carbon emissions. According to (Wang et al., 2021; Yang et al., 2022; Zhou Yuan et al., 2021) uses a regression model in which nightlight data is used as a proxy for energy consumption. The model was validated against available energy consumption statistics at the regional level, ensuring the reliability of the estimates.
TABLE 2 | Standard coal conversion coefficients and carbon emission coefficients.
[image: Table listing energy sources with their standard coal conversion coefficients and carbon emission coefficients. Coal: 0.7143 kgce/kg, 0.7559; Coke: 0.9714 kgce/kg, 0.8550; Crude Oil: 1.4286 kgce/kg, 0.5857; Fuel Oil: 1.4286 kgce/kg, 0.6185; Gasoline: 1.4714 kgce/kg, 0.5538; Kerosene: 1.4714 kgce/kg, 0.5714; Diesel Oil: 1.4571 kgce/kg, 0.5921; Natural Gas: 1.3301 kgce/m³, 0.4483; Electricity: 0.1299 kgce/kWh, 0.7935.]3 RESULTS AND ANALYSIS
3.1 LUCE in shrinking and non-shrinking counties
To gain a deeper comprehension of the LUCE peculiarities within shrinking counties, we compared and analyzed the LUCE in shrinking counties with those in non-shrinking counties. In general, non-shrinking counties are predominantly clustered in the environs of Beijing, Tianjin, and Hebei, and the shrinking counties are distributed in the periphery. Non-shrinking counties have obvious regional advantages and strong capacity for the agglomeration of regional development factors. The outflow of development factors in shrinking counties, primarily characterized by population outflow, is the result of the interplay between the development capabilities of these counties and their associated counties. The corresponding areas with high LUCE values are mainly distributed in non-shrinking counties, and the LUCE in shrinking counties is generally relatively low (Figure 2). At the same time, the adaptability of the non-shrinking counties to low-carbon development is stronger, while that of shrinking counties is weaker. It is predominantly manifested in the facilitation of green and low-carbon development in the region at T2 stage. Moreover, the counties where TCE and PCE are reduced are mainly non-shrinking counties (Figure 3).
[image: Six-panel maps show carbon emissions across a region from 2000 to 2020 and two future scenarios. Colors indicate emission levels: green for low, yellow for medium, and red for high. Different shades of green highlight areas of potential, temporary, and continuous shrinkage. Blue and red circles depict future scenarios of carbon emission decrease and increase. Each map includes a compass rose indicating north.]FIGURE 2 | Spatial distribution and changes in TCE. (a) 2000 (b) 2010 (c) 2020 (d) T1:2000-2010 (e) T2:2010-2020.
[image: Six-panel map series displaying carbon emissions and shrinkage in an unspecified region over time. Panels a to c (2000, 2010, 2020) show emissions levels: low (green), medium (pink), high (purple). Panels d to f (T1, T2) illustrate shrinkage types: temporary, potential, continuous, non, and changes in carbon emissions with labeling for increases (red circles) and decreases (blue circles) based on intensity. Each panel includes a north arrow for orientation and a legend for symbols and color coding.]FIGURE 3 | Spatial distribution and changes in PCE. (a) 2000 (b) 2010 (c) 2020 (d) T1:2000-2010 (e) T2:2010-2020.
Under the influence of the overall regional trend, the land use change of both shrinking and non-shrinking types exhibited continuous expansion of the built-up areas and continuous reduction of the cropland. Compared with the T1 stage, the growth rate of the construction land expansion and reduction rate of the cropland in the T2 stage slowed down (Table 3). The areas of the forest and grassland remained largely stable, while the water and unused land with low carbon sequestration potential, although experiencing significant fluctuations, were less distributed in the BTH region, accounting for only 4% of the total area, resulting in weak carbon uptake (Figure 4). A strong consistency between the continuous expansion of the construction land and the continuous increase in the LUCE can also be observed. During T1 stage, non-shrinking counties experienced a TCE growth rate of 17.6% annually (vs. 12.6% in shrinking counties), driven by construction land expansion at 4.29% per year (Table 3). In the T2 stage, the expansion of the construction land in non-shrinking counties slowed down sharply, and the TCE grew at a low speed, with a growth rate of only 0.4% annually, lower than 1.4% in shrinking areas. Furthermore, the growth rate of PCE was significantly lower than that in shrinking counties (Figure 5B). Thereby, it can be inferred that shrinking counties have weak adaptability to low-carbon development of land use, which may stem from their relatively low development stage and economic level, lower land use efficiency and energy use efficiency, or they are located in low-carbon emission areas with less pressure on carbon emission reduction (Ge and Liu, 2021; Zhou et al., 2021).
TABLE 3 | Single land use dynamic degree corresponding to different shrinkage types.
[image: Table showing types of urban shrinkage across two time periods (T1 and T2) with values for cropland, forest, grassland, water, construction land, and unused land. Each shrinkage type (non, continuous, potential, temporary, slight, moderate, severe) displays numerical changes indicating land usage dynamics over time.][image: Stacked bar chart showing land use distribution from 2000 to 2020 within non-sinkhole and sinkhole-prone areas. Categories include cropland, forest, grassland, water, construction land, and unused land, with cropland and forest dominating the distribution.]FIGURE 4 | The proportion of land use area in different shrinkage types (2000–2020).
[image: Bar charts labeled (a) and (b) illustrate growth rates for different shrinkage types: non shrinkage, temporary shrinkage, potential shrinkage, and continuous shrinkage. Both charts compare T2 and T1 conditions, represented by orange and blue bars, respectively. Growth rates range from negative to positive values, with different lengths indicating varying levels of shrinkage impact under each condition.]FIGURE 5 | Change rate in LUCE: (a) Total carbon emissions (TCE); (b) Per capita emissions (PCE). Time periods (T1: 2000–2010, T2: 2010–2020).
3.2 LUCE with different shrinkage trajectories
To further analyze the LUCE of the shrinking types, the LUCE of the different shrinking types were systematically explored by identifying the population index. A total of 27 counties and districts continued to shrink, mainly distributed in the northern plateau and central plain. The economic development level was relatively backward, and the continuous population decline indicated that the region was less attractive and lacked the driving force for economic development. Ecological lands (forest and grassland) were widely distributed, and the carbon sink was about one-third of that in the BTH region, and remained basically stable. Besides, both the TCE and PCE were relatively low (Figure 4). However, Continuous shrinkage counties showed the highest annual TCE growth rate (3.7% in T2), followed by potential shrinkage (1.2%) and temporary shrinkage (0.07%) (Figure 5A). This disparity correlates with construction land expansion rates: 1.37% in continuous shrinkage vs. 0.60% in potential shrinkage (Table 3). In the cases of insufficient economic power, the government mostly transfers land use rights to increase fiscal revenue (land finance), so as to maintain Gross Domestic Product (GDP) growth. However, due to the lack of economic development power, the land use efficiency is low, resulting in the waste of land resources and the increase of LUCE. This outcome is consistent with the research of Wang et al. (2020), suggesting that land finance accelerates the further shrinkage of the urban population. Therefore, shrinking counties need to achieve regional green and low-carbon quality development through intensive land use.
In addition to continuous shrinkage, shrinkage at different stages can be classified into two categories. The first category is marked by shrinkage at T1 and growth at T2. In this work, it is referred to as temporary shrinkage. There are only seven counties of this type, and their distribution is relatively scattered (Figure 2). The growth rate of LUCE in the T2 stage is the lowest among all shrinkage types. Counties and districts are transition from shrinkage to growth, indicating the success of the development transformation, energy structure adjustment, and energy efficiency improvement, to achieve “smart shrinkage”. Besides, 3 counties and regions with reduced LUCE were detected (Figure 4), accounting for 42.86%, which is the highest proportion among the different types of shrinkage trajectories. These regions were distributed in Tianjin and Tangshan, Hebei Province, where the economic development level was relatively good. The development of the construction land has shown saturation, and the land use change has basically remained stable. Due to the small sample size and the large differences in TCE among the samples, the overall trend is more influenced by counties with high LUCE.
The second category is marked by population growth during the T1 stage and population shrinkage in the T2 stage, which we term the potential shrinkage type in this work. Counties of this type are primarily distributed in the surrounding areas of Beijing and Tianjin, as well as around cities in Hebei Province, and exhibit a contiguous distribution. The proportion of carbon sink lands, such as forest and grassland, is relatively low, whereas the proportion of carbon source land, such as construction land is relatively high. Counties that have high levels of LUCE are predominantly located in this category. Both TCE and PCE continue to grow, with the growth rate of the TCE and PCE in the T1 stage is the lowest among all shrinkage types. In contrast, the growth rate of TCE and PCE in the T2 stage is only higher than that of the potential shrinkage type (Figure 5). Thus, it can be argued that the urban shrinkage is negatively correlated with the growth rate of the LUCE. Despite the overall growth trend of LUCE, some counties and districts exhibited a downward trend, primarily located in the main urban areas of Beijing and Tianjin, which possess the highest regional economic level (Figure 2). The primary reason for this phenomenon may be that urban development has reached a stage of high-quality development. To enhance urban functions, improve urban quality, and optimize the energy consumption structure, cities have taken proactive measures to reduce their populations, leading to a continuous decrease in both TCE and PCE. Additionally, the development of construction land has shifted towards reducing volume and increasing efficiency. It is evident that urban shrinkage is influenced by complex driving mechanisms, and the LUCE in shrinking counties vary significantly under different mechanisms. Currently, the spatial distribution of counties experiencing active shrinkage is concentrated, with a relatively small proportion of regions affected. However, this may become a trend in the development of megacities in the future.
3.3 LUCE under different shrinkage degrees
In the T1 stage, the BTH region exhibited local shrinkage of less developed areas, with 34 shrinking counties, accounting for 17%. Only two counties experienced moderate shrinkage, and the trend in LUCE was reversed. However, due to the small sample size, it lacks regularity. There were 32 counties with slight shrinkage, and both TCE and PCE displayed an upward trend. Compared to the entire BTH region, the TCE grew at a lower rate, while the PCE grew at a higher rate, and the expansion rate of construction land was lower in the T1 stage. It is evident that the expansion of the built-up area is highly correlated with the growth of TCE, and population loss leads to rapid growth in PCE. In the T2 stage, the number of shrinking counties increased rapidly, transitioning from local to global shrinkage, with severe shrinkage counties emerging. Nonetheless, the region was still predominantly characterized by mild shrinkage. LUCE for each shrinkage degree and type also exhibited an upward trend. The percentages of counties with decreased LUCE were 17%, 23%, and 18% for severe, moderate, and mild shrinkage, respectively, with the moderate shrinkage type having the highest proportion. Among shrinking counties, the growth rate of TCE was highest in severe shrinkage, followed by mild shrinkage, and lowest in moderate shrinkage. Similarly, the growth rate of PCE was highest in severe shrinkage, followed by moderate shrinkage, and lowest in mild shrinkage (Figure 6). The expansion of the construction land is relatively consistent with the growth rate of TCE, confirming a positive correlation between the two. In general, during the stage of urban expansion, a stronger degree of shrinkage leads to more drastic expansion of the construction land and a faster growth rate of TCE. Due to differences in the extent of population loss, the growth rate of PCE was lowest in moderately contracted counties.
[image: Bar charts depicting carbon emission growth rates. Chart (a) shows growth rates for per capita and total carbon emissions under scenarios of slight and moderate shrinkage, with both emissions higher in the slight shrinkage scenario. Chart (b) includes severe, moderate, and slight shrinkage, with severe shrinkage showing the highest emissions for both categories.]FIGURE 6 | Change rate of LUCE under different shrinkage degrees: (a) T1 (2000–2010); (b) T2 (2010–2020).
Since counties with the same degree of shrinkage are at different stages of development and exhibit significant differences in LUCE trends, it was found that the regularity is more obvious by eliminating counties with large differences in overall trends within the same shrinkage degree. Generally speaking, severe population loss in counties and districts indicates low economic development vitality and limited avenues for driving economic growth and attracting the population. Consequently, further urban development is often driven by increasing the land quota for construction, which simultaneously promotes urban expansion and construction (Hu et al., 2021; Wu and Yao, 2021). Due to the extensive development model, low land use efficiency, and persistent severe population loss, multiple factors could contribute to a relatively high growth rate of PCE.
4 DISCUSSION
4.1 LUCE in shrinking counties
Our findings reveal that non-shrinking counties exhibit a lower growth rate in LUCE compared to shrinking counties, which aligns with previous studies highlighting the challenges of carbon reduction in shrinking cities (Xiao et al., 2019; Yang et al., 2022). However, our study provides a more nuanced understanding by emphasizing the stage differences in LUCE trends. During the early stages of urban expansion, non-shrinking counties experience rapid growth in LUCE due to intense built-up area expansion. In contrast, during the later stages of urban transformation, the growth rate of LUCE in non-shrinking counties slows significantly, reflecting successful efforts in industrial upgrading and energy efficiency improvements. Severely shrinking counties, despite having the lowest initial LUCE, exhibit the fastest growth rate in total carbon emissions (TCE). This anomaly can be attributed to the extensive development model prevalent in these regions, where low land use efficiency and persistent population loss exacerbate carbon emissions. This finding challenges the conventional assumption that population decline inherently reduces carbon emissions and underscores the need for targeted interventions in severely shrinking regions.
4.2 LUCE in shrinking counties under different driving mechanisms
Urban shrinkage is driven by a combination of factors, and our study identifies two distinct mechanisms: passive shrinkage and proactive shrinkage.
Passive Shrinkage: In the T1 stage (2000–2010), shrinkage in the BTH region was primarily driven by the depletion of resources in industrial and mining counties, leading to population loss and economic decline. These counties, located on the periphery of urban agglomerations, experienced spatial deprivation of development factors, resulting in low LUCE but rapid growth rates due to inefficient land use.
Proactive Shrinkage: In the T2 stage (2010–2020), a new form of shrinkage emerged, characterized by policy-driven suburbanization in Beijing. This proactive shrinkage aimed to optimize urban spatial distribution, alleviate congestion, and control population size. Counties experiencing proactive shrinkage exhibited stable or decreasing LUCE, reflecting successful efforts in land use optimization and energy efficiency improvements. The Dongcheng District of Beijing, a severely shrinking county dominated by tertiary industries, demonstrated a continuous decrease in LUCE. This finding highlights the potential for high-quality urban development in shrinking cities, where proactive policies can lead to significant carbon emission reductions. This contrasts with the typical narrative of shrinkage as a negative phenomenon and offers a new perspective on the potential benefits of managed urban decline.
Unique to the BTH region, the coexistence of these pathways highlights the critical role of regional equity policies. For example, Tangshan’s waterfront industrial zone absorbed Beijing’s relocated steel plants, exacerbating emissions in a shrinking county. This anomaly, absent in Western cases (Miljanović et al., 2023), underscores the need for trans-regional carbon accounting in China’s coordinated development plans.
4.3 Limitations and directions for improvement
Although some research results were achieved in this work, it still has the following limitations:
	 (1) Census data have inherent limitations, including a 10-year temporal resolution and delayed publication (e.g., 2020 census results were released in 2021). This may introduce gaps in capturing rapid population shifts. Additionally, nightlight data at 1000 m resolution may overlook fine-scale land use changes, particularly in peri-urban or rural counties.

With the advancements in the Internet and remote sensing geographic information technology, it is now possible to obtain spatio-temporal big data that can accurately represent human activities over a wide range and with high precision. In the future, big data can be utilized to better identify shrinking cities at different scales.
	 (2) LUCE exert a certain impact on urban shrinkage. However, whether the interaction between shrinking cities will amplify this impact remains unknown. In the future, the impact of interactions between shrinking cities on LUCE can be further explored.
	 (3) This study qualitatively analyzed the differences in LUCE patterns between actively shrinking counties and passively shrinking counties. The LUCE in shrinking cities with different driving mechanisms are significantly different, and the underlying processes of urban shrinkage in different development periods are obviously heterogeneous. Therefore, in future studies on the LUCE effects of shrinking cities, it is necessary to further analyze LUCE under different development stages and driving mechanisms from a quantitative perspective.

4.4 Policy recommendations for mitigating shrinkage and LUCE
4.4.1 Policy recommendations
Based on the findings, the following policy recommendations are proposed to address urban shrinkage and its impact on LUCE at the county level:
First, strict control of built-up area expansion in shrinking counties should be prioritized. For example, zoning policies could enforce “infill development” by reusing vacant industrial lands and abandoned residential areas, rather than permitting urban sprawl. This aligns with the observed correlation between built-up area expansion and LUCE growth (Figure 5). Second, establishing cross-county cooperation platforms is critical to mitigate the “center-periphery” imbalance. For instance, fiscal transfer mechanisms could incentivize core cities (e.g., Beijing) to share industrial and technological resources with shrinking peripheral counties. This would reduce reliance on land finance-driven GDP growth. Third, subsidies for renewable energy adoption and circular economy practices should target shrinking counties with high LUCE growth rates. Heavy industrial bases like Tangshan could integrate carbon capture technologies, while agricultural counties might transition to agroforestry systems to enhance carbon sinks. Tax breaks for green enterprises and stricter emission standards for coal-dependent industries would accelerate this transition.
4.4.2 Feasibility and challenges
While these policies are theoretically viable, their implementation faces three key challenges: First, hrinking counties often lack fiscal autonomy. Central government grants or public-private partnerships (PPPs) may be necessary to fund green infrastructure projects. Second, many counties lack granular energy consumption data. Integrating nighttime light data and IoT sensors could improve LUCE monitoring (Zheng et al., 2023). Third, existing administrative barriers hinder resource sharing. Legally binding regional agreements, as seen in the BTH Coordinated Development Plan, could serve as a model.
These recommendations align with China’s “dual carbon” goals and emphasize adaptive governance tailored to shrinkage trajectories. Future policies should balance equity and efficiency, ensuring shrinking counties are not marginalized in national decarbonization efforts.
4.4.3 International comparisons and Lessons
Globally, municipalities experiencing urban contraction confront shared systemic challenges while employing divergent adaptive approaches. Illustrated by the German model, proactive smart shrinkage strategies in metropolitan centers like Leipzig and Dresden prioritize structural demolition of underutilized properties and their ecological conversion, effectively mitigating urban sprawl and carbon footprints (Ali et al., 2020).
This contrasts fundamentally with China’s land-finance-driven development model, highlighting divergent policy orientations between immediate fiscal optimization and long-term ecological planning. Regarding demographic contraction driven by aging populations, Japanese cities like Kitakyushu demonstrate an integrated sustainability framework through compact city design and systematic renewable energy integration, simultaneously achieving emission reduction targets and enhancing economic adaptability (Peng et al., 2022). The American experience, particularly post-industrial urban centers in the Rust Belt such as Detroit, exemplifies innovative public-private partnership (PPP) mechanisms in financing green infrastructure - an empirical validation of fiscal decentralization theories (LaFrombois et al., 2023). Conversely, China’s state-led suburbanization paradigm, manifested in Beijing’s strategic relocation of non-core urban functions, reveals unique institutional mechanisms for coordinating contraction management with regional development synergies. This distinctive approach provides valuable insights into spatial governance.
5 CONCLUSION
This study systematically investigates the spatio-temporal disparities of land use carbon LUCE in shrinking counties within the Beijing-Tianjin-Hebei (BTH) region from 2000 to 2020. By integrating population dynamics, land use transitions, and carbon accounting methodologies at the county level, two key contributions emerge:
	 (1) Contrary to the assumption that population decline inherently reduces environmental pressure, this study reveals that urban shrinkage paradoxically accelerates LUCE growth in peripheral counties. Continuous shrinkage counties exhibited the highest LUCE growth rates (14% in T2), driven by inefficient built-up area expansion and low land use efficiency. This challenges conventional wisdom and underscores the need for context-specific carbon governance frameworks.
	 (2) Distinct LUCE patterns were observed across shrinkage trajectories. Temporary shrinkage counties achieved the lowest per capita emission growth (3.2% in T2) through smart land use transitions, while potential shrinkage counties faced escalating emissions due to industrial relocation. These findings enrich the theoretical understanding of how shrinkage mechanisms interact with land use systems.

This research bridges critical gaps between urban shrinkage studies and low-carbon transition policies. By quantifying the LUCE effects of shrinkage trajectories, it provides a decision-making toolkit for policymakers to balance equity and efficiency in regional decarbonization. The methodological framework also advances the integration of demographic dynamics into land use carbon accounting, offering replicable insights for megacity regions globally facing similar shrinkage challenges.
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As urbanization accelerates, decoupling urban development from environmental consumption, particularly carbon emissions, is crucial for sustainable growth and achieving carbon neutrality goals. This study introduces urban expansion intensity as a new perspective to analyze the decoupling between urban expansion and carbon emissions. Based on the Urban Expansion Disparity Index, 297 Chinese cities are classified. The Tapio model is used to examine the spatiotemporal variations in decoupling from 2007 to 2022, while the LMDI model identifies key factors influencing regional carbon emissions. Findings reveal: (1) a polarized decoupling pattern, dominated by weak and strong negative decoupling; (2) a strong link between urban expansion types and decoupling modes, with fast-expanding cities exhibiting weak/strong decoupling and growth linkage, while slow-expanding or shrinking cities show expansion-negative and strong negative decoupling; (3) expansion and affluence effects drive emissions, while technology mitigates them, with significant regional differences. This study provides theoretical insights into urban expansion and carbon decoupling dynamics, informing region-specific policy interventions.
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1 INTRODUCTION
Global warming has emerged as a critical environmental challenge, profoundly impacting human production and daily life worldwide. As the primary driver of climate change, carbon emissions have become a central focus in addressing the complex and evolving issues associated with global warming. Reducing carbon emissions is essential for achieving sustainable development at the regional level (Ballantyne et al., 2016). Cities, being the primary hubs of human social activities, are also the main sources of carbon emissions, stemming from industrial activities, energy consumption (Zhao et al., 2025), and residential usage (Fawzy et al., 2020). Research indicates that urban carbon emissions account for more than 85% of China’s total emissions (Han et al., 2018), with key sectors such as industry and transportation being the predominant sources of energy use and carbon output in urban areas (Ma et al., 2017). Moreover, the accelerating process of urbanization has led to changes in land use patterns (Wu et al., 2011), energy demand (Dong et al., 2020), industrial structure, and the mobility of population and technology, making urban carbon reduction increasingly complex. As a result, an increasing number of scholars have focused their research on the nonlinear relationship between urbanization and carbon emissions (Xu et al., 2018), as well as the impact of urbanization on carbon emission performance (Liu et al., 2018). Undoubtedly, promoting low-carbon development in cities has become a pressing and critical challenge that must be urgently addressed.
The concept of decoupling in environmental studies refers to the weakening or separation of the relationship between economic development, resource consumption, and environmental pressures (Chen et al., 2018). It is typically categorized into two types: resource decoupling, which focuses on reducing the link between economic growth and resource/energy use, and impact decoupling, which aims to mitigate the connection between economic development and environmental degradation (Wiedenhofer et al., 2020). Decoupling indicators, which enable the dynamic assessment and quantification of the relationship between economic activities and environmental impacts, have been widely applied in studies exploring the evolving interaction between environmental change and economic development in recent years (Ward et al., 2016; Jiang et al., 2022). In particular, as carbon reduction has become an urgent global climate challenge, decoupling models have been increasingly used to examine the relationship between economic growth and carbon emissions (Li et al., 2022), gradually evolving into a key theoretical framework for promoting green and low-carbon development.
Research on decoupling primarily focuses on several key areas. In terms of methodology, commonly used approaches include: the OECD model, proposed by the Organisation for Economic Co-operation and Development, which compares the growth rates of environmental pressure and economic development; the Tapio decoupling model, which offers a more detailed characterization of the interactions between economic growth and environmental impacts (Wu et al., 2018b; Wu et al., 2024); and integrated methods that combine decoupling analysis with decomposition techniques, such as the Logarithmic Mean Divisia Index (LMDI), to explore the underlying drivers of decoupling (Li et al., 2019). At the research scale, studies on decoupling have primarily focused on the national and provincial levels. At the national level, research has become increasingly comprehensive, including panel studies covering multiple countries (Shuai et al., 2019), comparative analyses of decoupling performance among countries within the same organization (such as the OECD) (Magazzino et al., 2023), comparisons between developed and developing countries regarding the decoupling of economic growth and carbon emissions (Wu et al., 2018), as well as case studies on typical countries such as the United States and China (Wang and Wang, 2019). At the provincial level, existing studies similarly encompass panel analyses across 30 provinces (Cohen et al., 2019), as well as investigations into the relationship between differentiated economic development and resource–environment dynamics in specific regions, such as the Yangtze River Economic Belt and the Central China Urban Agglomeration (Luo et al., 2021; Yuan et al., 2023). Case studies focusing on individual provinces, such as Jiangsu and Guangdong (Xu et al., 2021; Wang et al., 2017), have also been increasing, contributing to the development of a more comprehensive research framework. In terms of research content, current studies primarily focus on two areas: the decoupling between economic development and carbon emissions across different sectors, and the key factors influencing decoupling. For the former, research has increasingly concentrated on energy-intensive industries such as metal products, non-metallic manufacturing, construction, manufacturing, and transportation (Lin and Teng, 2022; Wang and Feng, 2019; Wu et al., 2018a; Ren and Hu, 2012; Li et al., 2023). For the latter, existing studies have demonstrated that both macro- and micro-level factors—including energy structure, industrial structure, technological progress, urbanization rate, and household income levels—play significant roles in shaping the decoupling process (Zhao et al., 2022; Hao et al., 2022).
However, we also identify certain limitations in existing studies on the decoupling of economic development and carbon emissions. First, in terms of spatial scale, most research has focused on large-scale analyses at the national, regional, or provincial levels or on decoupling studies of individual cities (Zheng et al., 2019; Li et al., 2019), while multi-city analyses at smaller scales remain insufficient. However, increasing evidence suggests that cities within the same province exhibit significant differences in development characteristics, economic growth responses, policy implementation, and environmental changes (Chen et al., 2019; Xie et al., 2025; Feng et al., 2025). These disparities underscore the necessity of conducting decoupling analyses at the urban scale, as city-level studies can more accurately capture the diversity of development trajectories and provide a stronger basis for targeted policy interventions. Second, regarding the selection of development indicators, existing decoupling studies predominantly define economic development in terms of GDP growth. While GDP serves as a quantitative measure of economic activity, it fails to directly reflect the associated environmental resource consumption. Moreover, economic growth is subject to an “optimal scale,” implying that GDP alone cannot comprehensively capture the societal and environmental implications of decoupling, whether positive or negative (Herman, 2014; Vadén et al., 2020). To better elucidate the relationship between economic development and carbon emissions decoupling, researchers have increasingly incorporated additional variables, such as human wellbeing, into their analyses (Kallis et al., 2018). Thus, it is evident that beyond conventional indicators, incorporating additional economic development indicators closely linked to both the economy and the environment is crucial for accurately capturing the real societal and ecological impacts of decoupling. To address these gaps, this study takes cities as the fundamental research unit and employs urban construction land expansion intensity as a key variable to examine its decoupling relationship with carbon emissions. Urban construction land, defined as land within urban areas designated to meet the economic, social, and daily needs of residents, encompasses residential, industrial, commercial, public service facilities, transportation, municipal infrastructure, and green spaces (Lai et al., 2020). As a critical resource for urban development, the expansion of urban construction land significantly drives economic growth (Xie et al., 2018), making it a key explicit indicator of urbanization. However, it also represents a scarce resource and a substantial “carbon source” (Peng et al., 2022). On one hand, changes in urban land expansion and utilization patterns directly influence carbon emissions (Sun et al., 2022); on the other hand, human activities on construction land generate indirect carbon emissions (Anser, 2019). From this analysis, it is evident that the expansion of urban construction land and sustainable development presents a paradoxical relationship. Achieving effective decoupling between urban expansion and carbon emissions is essential for reconciling carbon reduction goals with the pursuit of high-quality urban development. This underscores the need for innovative approaches to urban planning and resource management that balance growth with environmental sustainability.
Against the backdrop of accelerating urban expansion in China, the contradiction between rising carbon emissions and national emission reduction targets has created a “dual pressure,” posing significant challenges for urban carbon control (Wang et al., 2024b). To address the research gap in decoupling studies from the perspective of “expansion intensity–carbon emissions” at the city level and to enrich the theoretical framework of low-carbon urban development, this study selects 297 cities in China as the sample area and classifies them based on their urban expansion speed using the Urban Expansion Disparity Index. Departing from conventional approaches, the study innovatively replaces the traditional GDP indicator, commonly employed in decoupling research, with the urban land expansion intensity indicator. By applying the Tapio decoupling model, the study investigates the spatiotemporal dynamics of the decoupling relationship between urban expansion intensity and carbon emissions across different city types from 2007 to 2022. Furthermore, an LMDI (Logarithmic Mean Divisia Index) model is developed to analyze the influence of urban construction land expansion, affluence, and technological effects on carbon emissions in various city types. This approach aims to identify key leverage points for implementing effective carbon reduction strategies, providing a nuanced understanding of the interplay between urban growth and environmental sustainability.
2 MATERIALS AND METHODS
2.1 Urban expansion indicator construction
Urban expansion typically refers to the outward growth and development of cities, most visibly manifested by the increase in the area of urban built-up land (Zhang and Han, 2024). To facilitate a more detailed analysis of the temporal patterns and spatial disparities in urban expansion, this study employs two key indicators: urban expansion intensity and the urban disparity change index. The specific formulas for these indicators are as follows.
2.1.1 Urban expansion intensity
Urban expansion intensity (UI) refers to the rate of increase in urban built-up land area over a specific period. It is commonly used to compare the expansion levels of different cities or the same city across different periods (Yang et al., 2023). In this study, it is defined as the ratio of the average annual growth in urban built-up land area to the initial land area, as shown in Equations 1:
[image: Formula for utilization index: UI equals open parenthesis Area squared minus Area to the power of one close parenthesis divided by open parenthesis Area to the power of one times delta T close parenthesis times one hundred percent. Equation one.]
In the equation, UI represents the urban expansion intensity across different cities, reflecting the level of urban built-up land expansion during the urbanization process. Area refers to the urban built-up land area during the given period, t1 and t2 represent different years, with the years 2007, 2010, 2013, 2016, 2019, and 2022 being considered in this study. T denotes the time gap between the panel years.
2.1.2 Urban expansion disparity index
The Urban Expansion Disparity Index (UEDI) is defined as the ratio between the urban expansion rate of a specific sample area and the overall urban expansion rate of the study region. This index quantitatively characterizes the spatial heterogeneity in urban expansion intensity among different cities during the same temporal period. The mathematical formulation of UEDI is expressed in Equations 2:
[image: UEDI equals the fraction of \((\text{Area}_t^2 - \text{Area}_t^1) \times \text{Area}^1_t\) over \((\text{Area}^2 - \text{Area}^1) \times \text{Area}^1_\text{i}\), labeled as equation 2.]
According to relevant literature (Liu et al., 2016), urban expansion levels can be classified into six categories: High-speed expansion (HE), Rapid expansion (RE), Moderate expansion (ME), Slow expansion (SE), Ultra-slow expansion (USE), and Negative expansion (NE). The specific classification criteria are provided in Table 1.
TABLE 1 | Classification of urban expansion types.
[image: Table listing expansion types with associated UEDI ranges: High-speed Expansion (UEDI ≥ 2), Rapid Expansion (1.2 ≤ UEDI ≤ 2), Moderate Expansion (0.8 ≤ UEDI ≤ 1.2), Slow Expansion (0.4 ≤ UEDI ≤ 0.8), Ultra-slow Expansion (0 ≤ UEDI ≤ 0.4), Negative Expansion (UEDI ≤ 0).]2.2 Decoupling analysis method
Decoupling refers to the process of reducing or eliminating the link between economic growth and resource consumption or environmental degradation. In other words, it signifies a situation where economic growth is no longer constrained by environmental and resource limitations, making decoupling a key indicator for assessing sustainable development. This concept is widely employed in studies examining the relationship between economic benefits and environmental costs (Xin et al., 2021). Common methods for decoupling analysis include the OECD approach and the Tapio decoupling model. Among these, the Tapio model offers an advantage by capturing the dynamic characteristics of variable changes, rather than providing mere static descriptions. Moreover, it is particularly effective in capturing complex nonlinear relationships, making it applicable in a broader range of scenarios (Hou et al., 2023). Given that urban construction land serves as an intuitive reflection of functional area changes—such as residential, industrial, and commercial zones, which are primary sites of economic activity and carbon emissions—this study substitutes the conventional economic change indicator in the Tapio model with urban expansion intensity. This approach aims to explore the decoupling relationship between urban expansion intensity and carbon emissions. The formula is as follows in Equations 3 (Tapio, 2005):
[image: DI equals the ratio of the change in CE over CE at time t-1 to the change in Area over Area at time t-1, which equals E at time Δt over UI at time Δt.]
Here, [image: Please upload the image or provide a URL so I can help create the alt text for it.] represents the decoupling index, with specific classifications shown in Table 2. [image: It seems there is a misunderstanding. The text you provided appears to be a mathematical expression rather than an image. If you need assistance with the expression or want to upload an image, please provide additional details or upload the image for further help.] denotes the rate of change in emissions over the study interval (measured every 3 years), [image: Text showing "UI" with a subscript "Δt".] while represents the rate of change in urban construction land intensity during the same interval.
TABLE 2 | Decoupling diversion.
[image: A table categorizing environmental statuses into three groups: Decoupling, Linkage, and Negative Decoupling. Each group has subcategories based on carbon emission and land expansion values, with corresponding Tapio values. Decoupling includes Declining, Strong, and Weak categories. Linkage includes Growth and Declining Linkage. Negative Decoupling includes Expanding, Strong, and Weak categories. Emission and expansion are categorized by greater than or less than zero, with Tapio values ranging from greater than 1.2 to less than 0.8.]2.3 LMDI decomposition analysis
The Kaya identity is a structural decomposition framework for analyzing changes in carbon emissions, derived from the IPAT model (Wang et al., 2005). Building on this analysis, this study uses the Kaya identity to decompose the factors influencing carbon emissions into scale effect (P), affluence effect (A), and technology effect (T). The specific decomposition formula is as follows in Equations 4:
[image: The equation shown is \(CE = \text{Area} \times \frac{GDP}{\text{Area}} \times \frac{CE}{GDP} = P \times A \times T\).]
Here, [image: Please upload the image or provide a URL so I can create the alternate text for you.] represents the secondary industry GDP generated per unit of urban construction land, reflecting the economic efficiency of urban expansion. The secondary industry GDP is selected to represent economic development because, compared to total GDP, it has a stronger and more representative correlation with urban land expansion and carbon emissions. [image: It seems there was an issue with uploading the image. Please try uploading it again, and make sure it is in a supported format. Additionally, you can provide a caption or context for more accurate alt text.] denotes the carbon emissions per unit of GDP, indicating the technological effect of carbon reduction across different cities. The LMDI additive decomposition is a method based on logarithmic mean weights, used to disaggregate total changes into the additive contributions of multiple driving factors (Xin et al., 2023). Building on the Kaya identity, it further refines the scale effect, affluence effect, and technology effect to quantify their specific contributions to changes in carbon emissions. The detailed formula is as follows in Equations 5:
[image: Mathematical equations showing a change in carbon emissions as the sum of three components: \(\Delta CE_{P}\), \(\Delta CE_{A}\), and \(\Delta CE_{T}\). Each component is expressed as the sum of logarithmic terms involving ratios of variables \(P\), \(A\), and \(T\) at different time points. The variable \(\theta\) is defined as the change in carbon emissions divided by the log ratio of emissions.]
Here, [image: Please upload the image or provide a URL so I can help create the alt text for it.] represents the logarithmic mean weight, and 0-t denotes the time interval.
2.4 Data resources
The data utilized in this study can be categorized into two primary types. The first type comprises city-level carbon emission data, sourced from the Emissions Database for Global Atmospheric Research (EDGAR v8.0) (Crippa et al., 2023). The second type includes data on urban built-up areas and industrial GDP, obtained from various statistical resources, including the China Statistical Yearbook, China City Statistical Yearbook, and China Urban Construction Statistical Yearbook. Based on data availability and completeness, a total of 297 cities were selected for the analysis. The study focuses on the years 2007, 2010, 2013, 2016, 2019, and 2022 to investigate the decoupling relationship between urban expansion and carbon emissions. Missing data points were addressed using interpolation methods to ensure the robustness of the dataset.
3 RESULTS
3.1 Urban expansion and carbon emission changes
Table 3 and Figure 1 illustrate the changes in urban expansion intensity and the distribution of expansion disparity indices among the sample cities over the study period. Overall, urban land use in China has continuously expanded, though at a relatively low intensity, predominantly within the range of 0–5. Over time, urban expansion intensity has shown a steady decline. For example, cities with an intensity range of 20–30 decreased from 10 during 2007–2010 to just two during 2019–2022. Notably, the number of cities with an expansion intensity below five has increased since 2013, a trend that can be attributed to policies promoting efficient and intensive land use, ecological civilization initiatives, and the implementation of ecological redlines (Nuissl and Siedentop, 2021; Yang and Xie, 2021). Concurrently, there has been a rise in the number of cities experiencing negative expansion. From the perspective of expansion disparity indices, urban expansion has exhibited an overall increasing trend, accompanied by growing polarization. High-speed expansion and slow or negative expansion have emerged as the dominant patterns. During 2019–2022, the number of cities with high-speed expansion reached 98, accounting for 33.0% of all expansion types. In contrast, the number of cities with ultra-low-speed or declining expansion ranged between 50 and 60. This polarization is likely the result of the uneven pace of urban development during periods of rapid urbanization and industrialization. While some cities have faced constraints due to policies or resource limitations, others have experienced significantly higher expansion intensity than most regions. Spatially, areas of high-speed urban expansion have gradually shifted from central regions to southeastern coastal areas, while low-speed expansion zones are predominantly located in northeastern regions. This spatial pattern is consistent with China’s development strategies and the current state of economic and urbanization progress.
TABLE 3 | The number of cities corresponding to changes in urban expansion intensity during the study period.
[image: A table displays data over five periods: 2007-2010, 2010-2013, 2013-2016, 2016-2019, and 2019-2022. Rows indicate the count of events within certain ranges: ≤0, 0-5, 5-10, 10-20, 20-30, 30-40, 40-50, and ≥50. Values change over time, with the ≤0 range increasing from 18 to 53, while the 0-5 range grows from 136 to 179. Other ranges exhibit varying trends.][image: Six-panel map illustrating urban expansion types in China from 2007 to 2019. Each panel covers different years: 2007-2010, 2010-2013, 2013-2016, and 2016-2019. Expansion types are color-coded: high-speed (dark red), rapid (red), moderate (orange), slow (light blue), ultra-slow (blue), and negative (black). Maps show varying levels of expansion across regions.]FIGURE 1 | Urban expansion types, 2007–2022.
Figure 2 illustrates the changes in carbon emissions across cities over the study period. From a temporal perspective, between 2007 and 2013, carbon emissions in most cities exhibited a rapid growth trend, with increases ranging from 10 to 25 t. During the 2013–2016 period, carbon emissions decreased in the majority of cities, with a year-on-year reduction of approximately 0–5 t. From 2016 to 2022, carbon emissions rebounded, although the increase was modest, with a growth range of 0–5 t. Spatially, inland and northeastern regions experienced relatively higher carbon emission increases, with growth concentrated in resource-intensive or industrial cities such as Huanggang, Xianning, and Yanan. Furthermore, this analysis reveals a general trend: the pattern of changes in urban expansion intensity closely mirrors the trends in carbon emission fluctuations across cities.
[image: Maps of China displaying carbon emission changes across five periods: 2007-2010, 2010-2013, 2013-2016, 2016-2019, and 2019-2022. Colored regions indicate varying emission levels: red for high increase, orange and yellow for moderate increase, and blue for decrease. Each map includes a scale and direction indicator.]FIGURE 2 | Carbon emission distribution, 2007–2022.
3.2 Urban expansion and decoupling of carbon emissions
3.2.1 Types of urban decoupling
Figure 3 illustrates the distribution of decoupling types among the sample cities during the study period. In summary, weak decoupling (WD), strong negative decoupling (SND), and expanding negative decoupling are the most prevalent decoupling relationships between urban expansion and carbon emissions in China. Over the study period, the number of cities exhibiting WD remained around 100, while those with SND fluctuated around 74. Strong decoupling (SD) and growth linkage (GL) were also relatively common decoupling types, with the number of cities categorized under SD peaking at 149 during the 2013–2016 period but remaining below 50 in other years. The number of cities with SND remained relatively stable, hovering around 40 throughout the study. On the other hand, declining decoupling (DD), declining linkage (DL), and weak negative decoupling (WND) were less frequent, with some years showing no cities in these categories. Overall, the structure of decoupling types in Chinese cities has remained relatively stable over the past 15 years, though a clear polarization is evident. On one hand, while urban expansion intensity and carbon emissions continue to rise, most regions are gradually reducing the negative by-products of carbon emissions, with initial successes in low-carbon urban development. On the other hand, a significant number of cities still face rising carbon emissions, despite a decrease in urban construction land, which highlights persistent issues related to inefficient land use and energy-intensive industrial structures.
[image: Line graph showing the number of regions across different decoupling types from 2007 to 2022. The types are SD, WD, DD, GL, DL, WND, SND, and END. Multiple colored lines indicate various years: 2007-2010 (orange), 2010-2013 (pink), 2013-2016 (green), 2016-2019 (red), and 2019-2022 (blue). Peaks and troughs are visible, especially at SD and WND.]FIGURE 3 | Decoupling changes of China’s cities, 2007–2022.
Figure 4 illustrates the spatial distribution of the decoupling dynamics between urban expansion intensity and carbon emissions. It is evident that cities characterized by expanding negative decoupling (END) and strong negative decoupling (SND) are primarily concentrated in the northeastern region and certain economically fast-growing cities in central China. In contrast, weak decoupling (WD) and strong decoupling (SD) cities are predominantly located in the southeastern coastal areas, with this spatial pattern becoming increasingly pronounced over time. Overall, the spatial distribution of decoupling characteristics is closely related to factors such as the level of economic development, industrial structure, and technological progress. Different urban development patterns lead to varying intensities and functional demands for construction land, resulting in distinct decoupling states. Generally, regions with advanced economies, significant industrial upgrading, and strong innovation capabilities exhibit better decoupling performance. In contrast, areas with a single economic structure, reliance on high-carbon industries, and a lack of green technology adoption tend to experience weaker decoupling. Moreover, policy orientation also plays a crucial role in the decoupling between construction land use and carbon emissions. For instance, early policies like the Western Development Strategy and the Northeast Industrial Revitalization Plan increased construction land use intensity and carbon emissions. On the other hand, the implementation of the “Zero-Waste City” policy has promoted resource-efficient development (Qian et al., 2025), accelerated the green transition of enterprises and localities, and directly reduced urban carbon emissions.
[image: Five maps of China show changes in decoupling types from 2007 to 2021 across different regions. Each map uses colors to represent decoupling types: Expanding Negative Decoupling, Strong Negative Decoupling, Weak Negative Decoupling, Declining Linkage, Growth Linkage, Declining Decoupling, Weak Decoupling, and Strong Decoupling. Major cities like Shanghai and Guangzhou are labeled. An index highlights each decoupling type’s color, such as blue for Expanding Negative Decoupling and red for Strong Decoupling. Different time periods are compared: 2007-2010, 2010-2013, 2013-2016, 2016-2019, and 2019-2021.]FIGURE 4 | Spatial distribution of decoupling types of China’s cities, 2007–2022.
At the city level, specific patterns further emerge, SND cities are concentrated in areas where traditional industries dominate and economic transformation is still in its early stages. Examples include Taiyuan and Jincheng in Shanxi, and Daqing and Jiamusi in Heilongjiang. Despite the slowdown in urban expansion due to factors such as land use policies, fiscal constraints, or population loss (Huo and Huang, 2023), these cities’ economic structures remain heavily dependent on high-carbon industries, such as coal and steel. The persistence of inefficient energy systems and outdated industrial practices places these cities in the SND stage. On the other hand, END cities are typically found in rapidly developing regions, such as Shenzhen and Chongqing. While urbanization continues to generate high demand for construction land, these cities, despite implementing some low-carbon policies and efforts to transition toward service-oriented and high-tech industries, still heavily rely on manufacturing and construction sectors. As a result, the growth rate of carbon emissions exceeds that of urban expansion, with limited benefits from energy structure optimization. In contrast, WD and SD cities are predominantly concentrated in Beijing and the Yangtze River Delta region, including cities like Shanghai, Suzhou, and Hangzhou. In these areas, heavy industries have been optimized or relocated to surrounding regions, while the development of e-commerce, internet-based technologies, and other high-tech service industries has matured (Wang et al., 2022). The application of low-carbon technologies further supports this transition, resulting in slower urban expansion and a clear decoupling from the negative impacts of carbon emissions.
3.2.2 Decoupling analysis by urban expansion types
Figure 5 illustrates the decoupling status of carbon emissions across different urban expansion types, revealing a significant correspondence between the two, with only minor changes over time. Overall, cities with rapid expansion predominantly exhibit weak decoupling (WD) and growth linkage (GL), where the growth rate of carbon emissions is either comparable to or slightly lower than the rate of urban expansion. Over time, these cities tend to transition toward strong decoupling (SD), an increasingly desirable state. In contrast, cities with slower or stagnant expansion mainly experience expanding negative decoupling (END), characterized by a highly unbalanced development pattern where carbon emissions rise significantly faster than urban land expansion. Examining the cities corresponding to these expansion types, it becomes evident that the rate of urban land expansion reflects, to some extent, the vitality of urban development, particularly in terms of industrial and economic growth. Cities with faster expansion generally exhibit greater economic diversification, continuous industrial upgrading, and improved energy efficiency, facilitating a transition from high-carbon, resource-intensive growth to a more low-carbon and efficient development model. Consequently, land-use efficiency and environmental benefits steadily improve. Conversely, cities with slower expansion—or even contraction—often face geographical constraints, resource limitations, or funding shortages that hinder their development. These cities tend to have a single economic structure and remain heavily reliant on traditional high-carbon industries, lacking new growth drivers. As a result, urban land use remains inefficient, and progress toward green development is significantly lagging.
[image: Six-panel chart showing the number of regions by decoupling types from 2007 to 2026. Panels are labeled: a. High Speed Expansion, b. Rapid Expansion, c. Moderate Expansion, d. Slow Expansion, e. Ultra-slow Expansion, f. Negative Expansion. Each panel features multiple line graphs for different time periods, highlighting changes in regional numbers.]FIGURE 5 | Sub-expansion type decoupling condition of China’s cities, 2007–2022. (a) High speed expansion. (b) Rapid expansion. (c) Moderate expansion. (d) Slow expansion. (e) Ultra-slow expansion. (f) Negative expansion.
A detailed analysis of specific cities reveals: WD cities are predominantly located in moderately developed cities in central and southern China, including Zhengzhou, Chengdu, Wuxi, and Ningbo. Despite their strong demand for construction land, these cities have increasingly adopted efficient and intensive land-use practices, transitioned to cleaner energy sources, and shifted their industrial structures toward low-carbon sectors, such as services. Taking Chengdu as an example, the city experienced rapid urban expansion from 2007 to 2022, with construction land increasing by 34.31 square kilometers. However, carbon emission growth gradually slowed, rising by 3.14 tCO2 from 2007 to 2010 but only by 1.45 tCO2 between 2019 and 2022. Notably, from 2013 to 2019, carbon emissions even showed a negative growth trend. This deceleration is closely linked to the upgrading of Chengdu’s automotive and equipment manufacturing industries, as well as the gradual refinement of green spatial optimization strategies, such as the “Eastward Expansion, Central Optimization” initiative. Compared to cities with other expansion types, these WD cities represent an ideal model of economic and environmental synergy. However, they still have significant room for improvement before achieving SD scenarios. For cities with slow or ultra-slow expansion, expanding negative decoupling (END) is the dominant decoupling type. These cities, often located in central and northeastern regions such as Tangshan, Lanzhou, and Jilin, are typically industrial hubs facing a conflict between high land demand and resource constraints. The failure of these cities’ industrial structures to transition to low-carbon models, combined with persistent energy demand, has resulted in unchecked growth of carbon emissions, leading to land-use overload (Bao et al., 2022). Taking Jilin City as an example, from 2007 to 2022, the expansion of urban construction land was minimal, increasing by only 13.38 square kilometers, with just 1.20 square kilometers added between 2016 and 2022. However, carbon emissions surged significantly, rising by 12.60 tCO2. Throughout the study period, Jilin City’s economic development remained heavily dominated by industrial sectors. Despite the gradual implementation of farmland balance and land reclamation policies, the rapid growth of traditional industries such as chemicals, automotive manufacturing, and metallurgy continued to generate substantial carbon emissions, resulting in a poor decoupling performance. In cities exhibiting negative expansion, strong negative decoupling (SND) emerges as the primary decoupling type. Such cities are predominantly located in northeastern provinces like Yichun and Harbin. In these regions, land contraction is accompanied by rising carbon emissions, driven by inefficient, energy-intensive development models dominated by heavy industries. This high-energy, low-efficiency development warrants urgent attention (Wang et al., 2020; Zeng et al., 2022). Taking Yichun City as an example, from 2007 to 2022, urban construction land contracted by 13.03 square kilometers. However, carbon emissions continued to rise, increasing by 26.37 tCO2. This trend is likely driven by the city’s status as a resource-declining economy, where the forestry and mining industries—once the backbone of local development—have steadily declined. As a result, land demand has decreased, and some industrial areas, due to inefficient utilization and business closures, have been left idle, prompting the government to reclaim and repurpose them. It is important to note that these classifications represent the predominant decoupling types for each urban expansion category, though exceptions do exist. For example, cities like Beijing and Shanghai, despite ongoing industrial transformation and widespread adoption of low-carbon policies, face challenges such as population influx and saturated land use. These factors have led to decoupling statuses like END. To address these challenges, strategies such as enclave development and cross-regional collaboration policies have gained increasing prominence and are being actively implemented in recent years.
3.3 Decomposition effect analysis
Based on the LMDI decomposition results, the effects of land expansion, affluence, and technological progress on changes in carbon emission intensity are analyzed across different decoupling and urban land expansion types. Table 4 presents the specific effects of these three factors on cities with varying decoupling types. Overall, both the land expansion effect and the affluence effect contribute positively to carbon emissions, thereby driving increases in emission levels. However, the influence of these effects weakens over time. Specifically, the total land expansion effect decreased from 175.85 in the 2007–2010 period to 57.91 in 2019–2022, while the affluence effect declined from 331.38 to 30.38 over the same period. This trend can be attributed to the fact that urban land expansion often entails the proliferation of energy-intensive and high-carbon activities, such as infrastructure development and industrial transportation, while economic growth leads to higher income levels and increased consumption, both of which contribute to greater carbon emissions. However, as industrial structures evolve and low-carbon awareness increases, the magnitude of these promoting effects gradually diminishes (Sun and Huang, 2020; Zhang et al., 2017). In contrast, the technological effect consistently exerts a negative inhibitory impact on carbon emissions, contributing to a reduction in emissions throughout the study period. Technological advancements, particularly those related to efficiency improvements and the adoption of clean energy technologies, have proven to be effective mechanisms for mitigating carbon emissions (Xie et al., 2021).
TABLE 4 | Analysis of effects by decoupling type.
[image: A table displays the decoupling types and their effects from 2007 to 2022 in four time periods. Columns include periods, decoupling types, and effects: urban expansion, affluence, and technological. The data details numerical values for each decoupling type, such as GL, WD, SD, SND, END, and others, showing varying impacts across these effects and timeframes.]The effects of the three factors—land expansion, affluence, and technological progress—differ across specific decoupling types. For instance, in the 2019–2022 analysis, regions characterized by SD, WD, and GL decoupling types are typically in a transitional phase, shifting from traditional low-value-added industries to emerging high-value-added sectors. This structural transformation is often accompanied by substantial economic growth, which in turn diminishes or even reverses the positive impact of the affluence effect on carbon emissions. Conversely, regions with SND, WND, and DD decoupling types tend to experience a suppressive effect on carbon emissions due to urban decline. In these areas, urban land use is generally contracting, and any expansion typically focuses on redeveloping existing urban areas, such as creative industry parks, which are less associated with high-carbon activities. As a result, the influence of land expansion on carbon emissions is reduced (Liu et al., 2023). Finally, in regions exhibiting SND and END decoupling types, technological advancements contribute to increased carbon emissions. These regions continue to heavily rely on high-carbon industries for economic growth, and while technological improvements may enhance the production efficiency of these industries, they do not substantially alter the underlying energy structure or industry characteristics. Consequently, the application of such technologies still results in significant carbon emissions.
4 DISCUSSION
In the context of rapid urbanization, urban expansion stands as one of the most significant socio-economic phenomena. Urban land functions as the primary spatial platform for infrastructure, industries, and human activities. The process of urban expansion reflects the dynamic interaction between economic development and resource-environmental factors. Investigating the relationship between urban expansion and carbon emissions offers valuable insights into land-use efficiency, clarifies the link between urbanization and green, low-carbon development, and provides a crucial theoretical foundation for achieving carbon neutrality within the context of urban development (Wang et al., 2024a). Therefore, this study classifies 297 sample cities into distinct urban expansion types using the Urban Expansion Disparity Index. It then examines the spatiotemporal evolution of the decoupling relationship between urban expansion intensity and carbon emissions from 2007 to 2022 using the Tapio decoupling index. Finally, the study explores the differentiated contributions of urban expansion, affluence, and technological effects to carbon emissions through LMDI structural decomposition.
The study demonstrates that the decoupling between urban expansion and carbon emissions in China has remained relatively stable over time, gradually progressing towards the ideal scenario of “urban expansion increasingly decoupling from the negative externalities of carbon emissions.” However, significant room for improvement remains. Spatially, there is a pronounced polarization in the decoupling outcomes, with weak decoupling (WD) and strong negative decoupling (SND) emerging as the two dominant and contrasting decoupling types across Chinese cities. A closer analysis by city type reveals that cities exhibiting improved decoupling trends tend to be characterized by dynamic urban vitality, successful industrial restructuring, and robust economic transformation. The Yangtze River Delta region stands out as a key cluster of such cities. In contrast, cities with deteriorating decoupling trends, often experience what is referred to as “Hegangzation” (a term describing the economic stagnation, population outflow, and urban decline faced by resource-dependent cities like Hegang in Heilongjiang Province) (Huang et al., 2024), face persistent challenges such as entrenched development patterns and stalled industrial transitions. These cities are predominantly located in the northeastern provinces and certain parts of central and western China. The emergence of different decoupling types is closely linked to regional development policies, economic structures, and local vitality. The unequal decoupling patterns highlight the role of rapid urbanization in exacerbating regional disparities and polarization in urban development (Hu et al., 2024). To achieve comprehensive decoupling between urban expansion and carbon emissions, it is crucial to prioritize coordinated development across urban areas.
Analyzing the relationship between urban expansion types and carbon emission decoupling types reveals a significant and relatively stable correspondence. In general, cities experiencing rapid expansion are predominantly associated with weak decoupling (WD) and growth linkage (GL) decoupling types. These cities, typically at an upper-middle stage of development, continue to exhibit strong demand for land. However, the direction of their development—whether toward WD or GL—largely depends on factors such as the intensity of land use (extensive vs intensive) and the nature of their industrial structure (high-carbon vs energy-efficient). Cities characterized by slow expansion are mainly linked to expansion-negative decoupling (END). These cities often grapple with the contradiction of high land demand and limited available resources. Their development remains heavily reliant on energy-intensive industries, positioning them as both major sources of environmental pollution and key targets for low-carbon governance efforts. Conversely, cities in decline predominantly exhibit stagnation-negative decoupling (SND). Under the combined pressures of population loss and resource depletion, these cities are marked by inefficient and energy-intensive development patterns. To address these challenges, it is crucial for these cities to cultivate new growth drivers and undergo structural transformation.
The effect analysis results indicate that, overall, both urban land expansion and affluence contribute to increased carbon emissions, while technological effects play a suppressive role. This suggests that China’s current economic development remains heavily dependent on resource consumption, although technological innovation can help mitigate carbon emissions to some extent. However, the impact of these effects varies across different decoupling types, reflecting regional disparities in development stages. In regions undergoing industrial restructuring towards low-carbon, high-value-added sectors, the contribution of the affluence effect to carbon emissions significantly weakens, and may even become suppressive. Conversely, in regions where industrial structures continue to rely heavily on energy-intensive industries, both affluence and technological effects contribute substantially to carbon emissions. In shrinking cities, which suffer from a lack of economic vitality, the relationship between urban land expansion and carbon emissions is weaker, and the expansion effect has a minimal impact on driving emissions.
5 CONCLUSIONS AND POLICY IMPLICATIONS
This study analyzes 297 Chinese cities, classifying them by urban expansion intensity using the Urban Expansion Disparity Index. The Tapio decoupling model is employed to investigate the spatiotemporal evolution of decoupling relationships between urban expansion and carbon emissions from 2007 to 2022. Additionally, the LMDI model is applied to assess the impacts of land expansion, affluence, and technological factors on the carbon intensity of cities across different decoupling types. The results reveal a pronounced polarization in the decoupling states of urban expansion intensity and carbon emissions in China, with Weak Decoupling (WD) and Strong Negative Decoupling (SND) being the dominant types. From an urban typology perspective, there is a clear correspondence between urban expansion types and decoupling outcomes: rapidly expanding cities are predominantly categorized as WD and Growth Linkage (GL) types, slowly expanding cities are mainly classified as Expansion-Negative Decoupling (END) types, while declining cities are primarily characterized by SND. Furthermore, in the context of China’s current development stage, urban expansion and affluence significantly contribute to increased carbon emissions, while technological advancements effectively mitigate them. Compared to previous studies, this research innovatively adopts urban construction land expansion intensity as an indicator of economic development, addressing the limitations of GDP, which fails to capture the environmental resource consumption associated with economic growth and, consequently, cannot fully reflect the social and environmental impacts of the decoupling process between urban development and carbon emissions. By systematically analyzing the decoupling relationship between urban expansion and carbon emissions across different city types, this study provides a comprehensive examination of the underlying mechanisms linking urban development and environmental sustainability. From a land-use perspective, it establishes a solid theoretical foundation for formulating differentiated carbon reduction policies tailored to cities with varying urban expansion patterns, thereby contributing to a synergistic balance between new urbanization and low-carbon sustainable development across diverse urban contexts.
Based on these findings, several policy recommendations are proposed to address the identified challenges and leverage the potential of low-carbon urban development.
Firstly, from a regional development perspective, addressing the unequal patterns of urban expansion and carbon emission decoupling necessitates the establishment of a collaboration-oriented regional strategy to reduce interregional disparities. On the one hand, the government should prioritize policy support for the northeastern provinces and certain underdeveloped central regions. This can be achieved through specific measures such as encouraging the development of the non-public economy, implementing policies to promote border-area openness in the northeast, and enhancing infrastructure and transportation networks in key development zones, remote and underprivileged areas, and other less-developed regions. These efforts aim to accelerate industrial restructuring, expand external openness, and foster new growth drivers, ultimately reversing urban decline and revitalizing regional development. On the other hand, further advancing urban cluster integration should be accompanied by targeted support for less-developed areas through policies such as paired assistance and cooperative partnerships. These initiatives should facilitate resource and technology sharing while ensuring that potential risks, such as carbon leakage during industrial relocation, are effectively managed. This strategy aims to harness urban growth dynamics to drive high-quality regional development, achieving both sustainable progress and balanced regional equity.
Secondly, improving the current decoupling status through industrial restructuring and land-use optimization remains a crucial pathway for achieving low-carbon development. To this end, tailored carbon reduction policies should be implemented based on the specific developmental characteristics of different urban expansion types. For rapidly expanding cities, efforts should focus on promoting the rapid development of low-carbon, high-value-added industries, advancing smart city initiatives, and expanding renewable energy adoption to reduce carbon emissions. Additionally, optimizing land-use efficiency is essential—implementing a compact urban development model, restructuring land-use patterns, curbing inefficient urban sprawl, and encouraging high-density, low-carbon communities can significantly mitigate the high carbon footprint associated with extensive urban expansion. For slowly expanding cities, priority should be given to accelerating the low-carbon transition of energy-intensive industries. This can be achieved by encouraging enterprises to adopt cleaner production technologies, improving energy efficiency (Sun et al., 2024), and exploring digitalization and smart manufacturing pathways to reduce their carbon footprint. Simultaneously, in terms of land use, optimizing land-use planning, revitalizing underutilized land, and promoting the renewal and redevelopment of old industrial areas can enhance both economic and ecological benefits. For declining cities, the key lies in fostering emerging industries and stimulating new growth drivers. This can be achieved by attracting external investment and introducing advanced technology industries to transform the urban development model, addressing both economic stagnation and environmental degradation. Additionally, land reclamation and ecological restoration measures should be implemented, alongside strategic urban zoning to prevent unregulated expansion that could harm the environment. Promoting green agriculture and eco-tourism can further enhance the comprehensive value of land, supporting sustainable development.
Finally, harnessing the emission-reduction potential of technological innovation is a vital pathway for achieving synergy between urban development and carbon reduction (Liang et al., 2024). Efforts should focus on advancing the research, development, and deployment of low-carbon technologies through increased financial investment and targeted policy support. Accelerating the adoption of these technologies across diverse cities and industries is essential, particularly in energy-intensive cities and traditional industrial sectors. Such measures will provide the necessary technological foundation to facilitate the decoupling of urban expansion from carbon emissions, driving progress toward sustainable urban development.
However, this study has several limitations. First, the reliance on local statistical yearbook data for urban construction land may introduce discrepancies between reported data and actual land use. These discrepancies arise from variations in statistical standards and data accuracy across different regions and years. Second, the selection of sample areas is constrained by data availability, leading to incomplete coverage of urban areas nationwide. This limitation is particularly evident in the underrepresentation of cities in northwestern provinces, such as Tibet, Xinjiang, and Qinghai, which may result in regional gaps in the analysis. Finally, this study provides a relatively simplified analysis of the mechanisms influencing the decoupling relationship between urban expansion and carbon emissions. It primarily considers internal factors such as affluence effects, technological effects, and emission intensity effects, while overlooking potential external influences, such as policy interventions, on the decoupling process. Future research should employ more sophisticated models, such as the PSM-DID approach (Wang et al., 2024), to further investigate the underlying mechanisms shaping the relationship between urban expansion and carbon emissions, thereby offering a more comprehensive theoretical foundation for carbon reduction policies.
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2016 0.094 ~0.004 0.005 19.987 0.000
2017 0.103 -0.004 0.005 21.814 0.000
2018 0.100 ~0.004 0.005 21.484 0.000
2019 0.089 ~0.004 0.005 18.755 0.000
2020 0.093 -0.004 0.005 19.317 0.000
2021 0.083 ~-0.004 0.005 17.427 0.000
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DID 0007+ 12349 33,008 1465+
(0.001) (0.102) (4423) (0.160)
sci 51800
(1.972)
ar 0,002+
(0.001)
Control YES YES YES YES
City_FE YES YES YES YES
Year_FE YES YES YES YES
Obs 4777 4777 3091 3001
2 0.702 0735 0.790 0830
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DID 21907 0917 1228 | 1467
(0132) (0.067) ©0110) | (109
LDID 1680
(0.111)
dp 0,559+
(0.137)
ul ey
‘ (0.374)
Control YES YES YES YES YES
City_FE YES YES YES YES YES
Year_FE YES YES YES YES YES
Obs 3878 4777 4496 w9 | ae0n
2 0716 0676 0715 0.683 0840
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DID 25874+ 1716 1810 1613
(0.119) (0.112) (0.101) (0.109)
agdp 0923+ ~1306"*
(0.037) (0.111)
fin 0,538+ 0013
(0.024) (0.037)
fdi 1121 -14.169"**
(1.301) (1.464)
inf 0,001+ 0,000+
(0.000) (0.000)
gov -2027* -2255
(0.234) (0:272)
er 0,538+ 0239*
(0.109) (0.139)
_cons 0,674 0735+ ~10.287* 14,808
(0.031) (0:020) (0.397) (1.201)
Control No No YES YES
City_FE No YES No YES
Year_FE No YES No YES
Obs 4777 4777 4777 4777
) 0090 0.670 0378 0.694

Note: *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Dependent variable: InCEI

Watershed Upstream Midstream Downstream

Region YREB YREB YRB YREB
InDE ~0.1424 ~0.1956"** 01298 00435 00637 00707+
(0.0593) (0.0513) (0.0588) (0.0308) (0.0486) (0.0357)

InErg 00306 00072 00083 00101 00124 00116
(0.0212) (0.0127) (0.0184) (0.0087) (0.0133) (0.0084)

InPop | 0.0202 | 21T -0.2146** | -0.0175 [ 0.0272 0.2564**
(0.0216) (0.0612) (0.0703) [ (0.0594) (0.0294) (0.1019)
InLopn [ 0.0176 [ 00391+ 0.0394+ 1 00162+ [ 00178 00948+
(0.0108) (0.0138) (0.0126) (0.0082) | (0.0325) | (0.0131)
InLgs [ 06142+ [ 042017 0,652 [ 02741+ [ 07477+ 02921+
(0.0553) (0.0955) (0.0716) | (0.0518) (0.0587) (0.0290)

InUrb e 01181 01312 02299 02211 00297
(0.1135) (0.0828) (0.0558) (0.0658) (0.0792) (0.0698)
InLug [ 00248 [ 00039 [ ~00257 [ -00136 | ons 01364+
(0.0219) (0.0231) (0.0294) | (0.0219) | (0.0355) (0.0391)
Constant 87325 73469 71303 77002+ 53428 60406
(05341) (0.6415) (0.5285) | (04821) [ (0.4133) (0.7444)

Observations [ 209 [ 330 198 [ 418 | 231 396
R 0.9810 09883 0.9867 0.9876 0.9689 0.9909

Mates: (1) Robust standard evrors: i parstithseos: (3) *%p < 0.01; Py 008, p-g 0
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Agriculture Living Industry Waste Traffic
(10,000 tons) (10,000 tons) (10,000 tons) (10,000 tons) 000 tons)

Tongchuan 25.90 6232 167.14 63.08 3005 34849
Xianyang 2845 21616 787.36 13101 16865 133163
Weinan 3172 75.58 35935 17283 9026 72974

Baoji 3466 13977 60428 6232 14266 983.70
Xi'an 2642 730.10 134619 49785 38923 2989.78
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Straw burning Combustion ratio Grain grass ratio Combustion efficiency Carbon emission factor (CO, kg/kg)

‘ Wheat 134 L1 ‘ 0.63 146
‘ Comn 2 12 { 092 135

‘ Rape 144 15 ‘ 0.82 1445
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Direct carbon emission coefficient Indirect

carbon
emission
coefficient
Primary indicators Secondary indicators €O, CHy | N0
Carbon emissions from agricultural materials (kg/kg") [ chemical fertilizer | 0.89% - -
pesticide | 4934 - | 5
Agricultural film 518 - -
diesel oil 0.5927 - -
Carbon emissions from farmland soil (kg/hm™) [ wheat 25 - -
com | 253 - -
Oilseeds 095 - -
vegetable 421 - -
Melons and frits | 421 [ -
I Carbon emissions from straw combustion (kg/kg") wheat 13.557,852 - -
comn 327888 - -
rape 25.59384 I -
Carbon emissions from livestock and poultry farming (kg/kg') | Large livestock | - 488 139
Live pigs - s 053
sheep | - 516 033
rabbit - 0334 | 002
poultry - 002 002
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Product U F (tC/t)

Cement clinker ton 01417
Flat glass 10,000 weight box 29.4996
Lime ton 02050

Pig iron ton 0.0469

Crude steel ton 0.0404
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Low calorific value Carbon content per unit calorific Carbon oxidation

CF(GJ/t) value CC (tC/G rate COF(%)
Anthracite ton 20.304 27.49 % 107 94
Bituminous codl | ton 19570 2618 93
Lignite ton 14.080 28.00 96
‘Washed clean coal ton 26344 25.40 | 90
Other coal washing ton 8363 25.40 90
Briquette [ ton [ 17.460 [ 33.60 90
Other coal products ton 17.460 33.60 90
Coke ton 28.447 29.50 93
Crude oil ton 41816 20.10 98
Fuel oil [ ton [ 41816 2110 98
Gasoline ton [ 43.070 18.90 98
Diesel oil ton 42652 [ 2020 98
General kerosene ton 44750 | 19.60 98
Petroleum coke ton 31998 27.50 98
Other petroleum products ton 41031 2000 98
Tar [ ton [ 33453 22.00 98
 Crude benzene ton ) 41816 | 270 98
Liquefied natural gas [ ton [ 41868 [ 17.20 98
Liquefied petroleum gas ton 50,179 17.20 98
 Cokeovn gs 000 abic | 173540 12.10 99
meters
Blast furnace gas 10000 cubic | 33.000 | 70.80 1 99
meters
Converter gas 10,000 cubic 84.000 49.60 99
‘meters
Other gas 10000 cubic 52270 7 1220 99
‘meters
Natural gas 10000 cubic 38931 15.30 99
meters
| Refinery Gas 10,000 cubic 45.998 18.20 9
meters
" Closed calcium carbide 10000 cubic | 111190 39.51 1 99
furnace gas meters
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Total carbon emissions
(10,000 tons)

GDP (100 million yuan)

Carbon emission intensity

(ton-10,000 yuan)

348.49 505.55 0.689
1331.63 2817.55 0473
72974 220113 0332
983.70 27431 0359
2989.78 11,486.51 0260
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Model 1 Model 2 Model 3 Model 4
gref -L138* -L1I5**
(0.259) (0.307)
greiny 0506
(0.181)
greins ~0.491%
(0.223)
greb 0353
(0.160)
ind 0173 0,196+ 0164 ~0.180%(0.100)
(0.070) (0.070) 0.070)
eco ~0.409° ~0385°* ~0421% ~0419*
(0:215) (0.143) (0.234) (0.190)
env ~0321 (0.220) ~0309 (0.171) 0341 (0.204) -0.365 (0.331)
open -0222* ~0227%* 0218 -0225%
(0.117) (0.114) (0.064) (0.125)
urb 0034 -0020 0005 0043
(0.155) (0.154) (0.155) (0.155)
pop 0860 -0812 0709 -0910
(0.873) (0.868) (0.875) (0873)
fore 0458 0461 0462 -0.447
(0327) (0.325) 0327) (0.328)
regional fixed effect Yes Yes Yes Yes Yes
time fixed effect Yes Yes Yes Yes Yes
Observations 180 180 180 180 180
R-square 0.191 0324 0332 0326 0323

Clustering robust standard errors in the *P < 0.1,*P < 0.05,**P < 0.01.
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Variable Model 1 Model 2 Model 3 Model 4
digf ~1.470%** 1576
(0214) (0.224)
coverage breadth —1434%%
(0337)
usage depth ~0.762+*
(0.135)
digitization level 051"
(0.100)
ind -0226* ~0.173%% -0.152 -0.155
(0.126) (0.062) (0.101) (0.103)
eco 0031 (0.050) 0018 (0.029) 0022 (0.015) ~0.012 (~0.008)
env ~0.104%% ~0.112%% -0.114 -0112*
(0.023) (0.024) (0.060) (0.062)
open -0.245 0267 -0214 -0210
(0.163) (0.148) (0.143) (0.140)
urb ~0252% -0.195 -03310 -0178
(0.130) (0.130) (0.184) (0.136)
pop 0327 (0.210) ~0291 (0.203) 0345 (0.231) 0388 (0.301)
fore -0.909 -0.815% -0953 -0890°
(0.606) (0.408) (0.502) (0.468)
regional fixed effect Yes Yes Yes Yes Yes
time fixed effect Yes Yes Yes Yes Yes
Observations 240 240 240 240 240
R-square 0295 0444 0380 0.409 0397

Clustering robust standard errors in the *P < 0.1,**P < 0.05,**P < 0.01.
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Explained variable

Core explanatory variable

Intermediate variable

Moderating variable

Control variable

Variable Mean D Med Max

pCO, 11228 8276 8219 49.474 3732
digf 217.246 96.968 224103 43193 1833
coverage breadth 19801 96334 198.495 397 196
usage depth 212036 98.106 203655 488.68 676
digitization level 290238 117644 32325 46223 758
gref 0746 0065 0744 0879 062
grecre 0041 0.004 0041 0052 0033
greiny. 0063 0,006 0063 0077 0051
greins 0079 0.007 0078 0095 0.064
greb 0123 0011 0124 0.148 0.101
gresup 0019 0003 0019 0026 0013
tech 6318 9349 7.05 1616 057
ie 7.673 138 774 10.874 3219
eco 9833 0856 9874 11615 7.421

env, 572 19.701 54 124 6
ind 0431 0088 0445 059 0.158
open 0267 0297 0141 1548 0.008
urb 58.658 12217 5682 896 3496
pop 472492 703.978 292896 392429 7.864
fore 34527 18117 384 668 42
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Variables Replacement of the core explanatory variables measurement method  Trim treatment

Digital economy 0.0558** (0.0041) 12148 (0.1619) ‘ 0.7630°** (0.0427)
Consumption level | 0.08287* (0.0091) ~04916* (0.0853) ‘ 01036+ (0.0091)
Education ~0.0325** (0.0124) 0.124 (0.1812) ‘ 0018 (00117)
Financial general budget | 0261+ (0.0127) 13971 (0.1562) ‘ 00147 (0.0151)
*Socil nsurance | ~0.0946** (0.0135) | ~0.2996** (0.1139) ‘ 0.1093** (0.0116)
Constant | 0.0000 (0.0015) ~0.2870°** (0.0401) ‘ ~0.1966** (0.0103)
R 0.5749 07819 ‘ 04936

The given values in parentheses are the standard errors. Moreover, *** shows a significant level of parameters at p < 0.01
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Mediation effect test Estimate Standard error Z-value
Sobel 0.004 0.002 1770 0.077
Aroian 0.004 0.002 1765 0.078
Goodman 0.004 0.002 1775 0.076
Digital Economy—Technology 0.003 0.002 1786 0.074
Technology—Carbon 1267 0.097 13.038 0.000
Indiret Effct 0.004 0.002 1770 0.077
Direct Effect ~0.139 0.009 15989 0.000
Total Effet -0.135 0.009 -15.121 0.000
Proportion of Mediation Effect to Total Effect 296%
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Variables Fixed effects Threshold effects

‘ Digital economy 0.5156"* (0.0430)

‘ Consumption level ‘ 00836 (0.00919) ‘ 0.0845%* (0.00917)
" Education ~00315* (0.0125) ' ~0.0298* (0.0125)
‘ Financial general budget 02688 (0.0128) 02649 (0.0128)
‘ Social insurance ~0.0965*** (0.0137) | ~0.0997** (0.0137)
C (Digitl economy < 0.3604) 0.4618*** (0.0453)
‘7 C (Digital economy>0.3604) 0.5661** (0.0450)
‘ Constant 01218 (0.0103) ~0.1114°** (0.0106)

i vibans b oasenitiieon: e G skiidhnt oaminn: P -4oul e s icanos ok 0 Silc and i e BV seeosctondy:
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Variable Model 1 te Model2 CO2 Model3 tech Model4 tech Model 5 CO2
digf 0,636 ~1103*% 0729 0.826°* ~1.620
(0227) (0.394) (0.260) (0295) (0.251)
tech 0928 0905+
(0.422) (0.323)
eco 0,591+ 0962+ 0058+
(0211) (0.506) (0.026)
digfxeco 08117 0912+
(0.290) (0.326)
Controls Yes Yes Yes Yes Yes
regional fixed effect Yes Yes Yes Yes Yes
time fixed effect Yes Yes Yes Yes Yes
Observations 240 240 240 240 240
R-square 0298 0365 0444 0387 0406

Clustering robust standard errors in the *P < 0.1,**P < 0.05,**P < 0.01.
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Variables

Carbon

‘7 Digital economy (DIGI)

‘ Consumption level (CL)

‘ Education (EDU)

Financial general budget (FGB)
*Social insurance (1)

‘ Technology (TECH)

3,926.2845
02363
1,128.2893

7,848.1926

462.6522

61.7637

13.0022

Standard deviation
5,086.8889

00959

1,617.3743

100823489

688.7615

1262304

40.5220

Minimum

663.9600

0.0143

0.0238

0.0037

19.6245

0.4000

0.0753

Maximum
62,600.0000
07140
18,080.0000
114,782.9300
84308562
1,359.0157

554.9817
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Index Descriptions Expected
Internet Penetration Rate Number of internet users per hundred population +
‘ Number of Internet-related Employees Proportion of employees in computer services and software +
‘ Output Related to Internet Per capita total volume of telecommunications services +
‘ Number of Mobile Internet Users Number of mobile phone users per hundred population +
Digital Inclusive Finance Index +

‘ Development of Inclusive Digital Finance
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Variable Direct effect Indirect effect Aggregate effect

digf ~1276+ ~0.647%% -1.923+
(0.456) (0.231) (0.687)
ind -0.527* ~0.344% ~0.871%
(0.240) (0.156) (0.396)
eco -0.123¢ -0.102 -0.225
(0.068) (0.057) (0.124)
env 0217 ~0.755% ~0538*
(0.099) (0.343) (0.245)
open 0116 ~0437% ~0321%
(0.041) (0.156) (0.115)
urb 0287 -0.714* -0.427*
(0.130) (0.325) (0.194)
pop -0.008 -0.003 -0.011
(0.005) (0.009) (0.010)
fore 0251 ~0.790 -0.539
(0.167) 0.527) (0.359)

Clustering robust standard errors in the *P < 0.1,*P < 0.05**P < 0.01.
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Model 1 Spatial geographic

distance matrix

Model 2 spatial
adjacency matrix

Model 3 Spatial economic
distance matrix

digf ~1757** (0.264) —L721% (0.615) ~1.689* (0.582)
ind -0.236*** (0.057) ~0.367** (0.131) -0276"* (0.099)
7 eco ~0312* (0.156) -0318" (0.151) ~0.323"" (0.147)
env ~0.100*** (0.021) ~0.165* (0.087) ~0.154** (0.070)
open ~0.335*** (0.057) -0.326" (0.148) ~0.269** (0.096)
urb -0.364*** (0.132) -0.289" (0.013) -0.327%* (0.17)
| pop -0.298 (0.201) 0311 (0.253) -0.309 (0.200)
fore ~0.956*** (0.290) ~1.234* (0.649) ~0.883* (0.491)
W digf ~1.732* (0.619) ~1.564°** (0.559) ~1.629°* (0.582)
W ind ~1276" (0.580) ~1.261** (0.573) 1.182** (0.537)
W eco ~0.320** (0.007) ~0.309*** (0.003) ~0.375*** (0.009)
W env ~0.598" (0.272) -0.552* (0.251) ~0.529** (0.240)
‘W open =0.721*** (0.258) —0.689*** (0.246) =0.572*** (0.204)
W urb ~0936™ (0.425) ~0.872** (0.396) ~0727* (0.330)
W pop ~0.124 (0.103) ~0.134 (0.148) ~0.139 (0.177)
W fore ~0.874 (0.583) 0906 (0.604) 0736 (0.409)
7 regional fixed Yes Yes Yes
effect
time fixed effect Yes Yes Yes
Observations 240 240 240
R-square 0326 0.306 0298

Clustering robust standard errors in the *P < 0.1,**P < 0.05,**P < 0.01.
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| LM-Err 20,565 0000
‘ Robust LM-Err 9141+ 0.003
‘ LM-Lag 12.060* 0.001
‘ Robust LM-Lag. 10.763** 0.000
‘ LR-spatial-error 65.43*** 0.000
‘ LR-spatial-lag 66.99°% 0.000

Hausman 1559 0.009

P < 0.1.P < 0.05.***P < 0.01.





OPS/images/fenvs-12-1433044/fenvs-12-1433044-t012.jpg
Year gf P pCO2
2013 018 0000 0,084+ 0.001
2014 0128+ 0.000 o8| 000l
2015 0101+ 0.000 oo 000
2016 0123+ 0.000 0,077+ 0.001
- 0129+ 0.000 0,067+ 0003
2018 0.140% 0000 | 006 0003
2019 01447 0.000 0,061 0.004
2020 0,149+ 0,000 oo oo

P < 0.1.P < 0.05.***P < 0.01.
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Variable

High-level finance

ow-level finance

gref ~0.178* 2618
(0.142) (0.818)
ind ~0467*** 0109
(0.159) (0.079)
eco ~0445* 0375
(0221) (0.258)
env -0.183 (0.161) ~0.192 (0.170)
open -0.196 ~0.149%*
(0:244) (0.067)
urb 0630 0005
(0279) (0.292)
pop -0.602 -6.812%
(1.155) (2.609)
fore -0.116 0694
(0.782) (0428)
regional fixed effect Yes Yes
time fixed effect Yes Yes
Observations 60 120
R-square 0404 0.410

Clustering robust standard errors in the.*P < 0.1,%*P < 0.05,***P < 0.01.
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Variable High-level finance  Low-level

digf -1277% —L757+
(9.374) (0.306)
ind ~0511 0,155
(0.135) (0.067)
eco -0.235 (0.171) 0274 (0.206)
env 0095 ~0.117*
(0.033) (0.041)
open 0025 0234+
(0.189) (0.060)
urb -0.217 0419
(0271) (0.265)
pop ~0.103 (0.009) ~0.118 (0.103)
fore 0476 0839
(0.693) (0.401)
regional fixed effect Yes Yes
time fixed effect Yes Yes
Observations 80 160
R-square 0495 0.486

Clustering robust standard errors in the.*P < 0.1,%*P < 0.05,***P < 0.01.
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Code  Consumption types Corresponding sectors

1 Food and Tobacco Agriculture, Manufacture of food products and tobacco processing
2 Clothing Textile goods, Wearing apparel, leather, furs, down and related products
3 Residence Nonmetal mineral products, Metal products, Electricity steam and hot water, Gas production and supply, Water

production and supply, Construction

4 Household Consumables and Services | Electric equipment and machinery, Other manufacturing products

5 Transportation and Communication | Transport equipment, Electronic and telecommunication equipment, Transport, storage and post

6 Education, Culture and Paper and products, printing and record medium reproduction, Instruments, meters cultural and office machinery,
Entertainment Wholesale, retail trade and hotel, restaurants

7 Health cCare Machinery and equipment

8 Other Goods and Services Other sectors.

9 Others | Coal ‘mining and processing, Crude petroleum and natural gas products, Metal ore mining, Non-ferrous mineral mining,

Petroleum processing and coking, Chemicals, Metals smelting and pressing

Note: The relation between sectors and consumption types is established based on research of Peng et al. (2021), Zhao et al. (2018), and Ma et al. (2016).
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Variable Eastern region Central region Western region

gref ~0.144* —-0.541* =1072+**
(0.004) 0.029) (0238)
ind -0090* -0.188* 0,576+
(0.050) (0.103) (0-202)
eco 0216 -1319°% 0765
(0.082) (0384) (L119)
‘ { ]
env -0321 (0.302) -0.289 (0.221) 0311 (0.209)
open 0198 ~0.224* 0515
(0.060) (0.083) (0378)
urb -0.010 0175 ~1.504*
(0.093) (0.518) (0.839)
pop ~0239 -1582 0728
(0330) (6442) (1.022)
fore 0400 0845 -1956*
(0.168) (1.786) (0.979)
regional fixed effect Yes Yes Yes
time fixed effect Yes Yes Yes
‘ { 1
Observations 66 48 66
R-square 0398 0365 0432

Clustering robust standard errors in the *P < 0.1,*P < 0.05,**P < 0.01.
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Sector Name Sector Name

st Agriculture s15 Metal products

52 Coal mining and processing s16 Machinery and equipment

3 Crude petroleum and natural gas products s17 Transport equipment

s4 Metal ore mining S18 Electric equipment and machinery

s5 Non-ferrous mineral mining s19 Electronic and telecommunication equipment

6 ' Manufacture of food products and tobacco processing 520 Instruments, meters cultural and office machinery
7 Textile goods s21 Other manufacturing products

8 Wearing apparel, leather, furs, down and related products 522 Electricity steam and hot water production and supply
9 Wood processing and furniture 523 Gas production and supply

$10 Paper and products, printing and record medium reproduction 524 Water production and supply

i Petroleum processing and coking 525 Construction

si2 Chemicals 526 Transport, storage and post

s13 Nonmetal mineral products s27 Wholesale, retail trade and hotel, restaurants

s14 Metals smelting and pressing s28 Others
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Eastern regiol

Central region

Western region

digf 4574 ~1.834%% ~2.638*
(0.131) (0342) (1.039)
ind 0055 -0.125 0,626+
(0.041) 0.079) (0.172)
eco -0.120 (0.008) -0.134 (0.103) -0.127 (0.110)
env -0.005 ~0.153 ~0.125%
(0.023) (0.050) (0.044)
open -0.127* -0.228° -0.246
(0.071) (0.120) (0337)
urb ~0074 ~0.109 -0203*
(0.074) (0.399) (0.107)
pop 0287 (0.201) 0210 (0321) ~0238 (0.152)
fore ~0.535% 0278 -1597*
(0.162) (1.476) (0.766)
regional fixed effect Yes Yes Yes
time fixed effect Yes Yes Yes
Observations 88 64 88
R-square 0412 0328 0337

Clustering robust standard errors in the *P < 0.1,*P < 0.05**P < 0.01.
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Substitute the dependent variable

Subsample regression

Carbon emissions per unit of output 2015-2017 2018-2020

gref -1275%% 0612+ 0328
(0.455) 0278) (0.031)

ind 0535 0529 0,563+
(0.243) (0.240) (0.256)

eco 0278 -0.750* -0639*
(0.099) 0.417) (0.355)

env 0310 (0.281) 0376 (0.203) ~0311 (0.219)

open 0392+ ~0.485* 0528+
(0.140) (0.220) (0.240)

urb ~0628 0529 0518
(0.419) (0.240) (0.235)

pop ~0.76 -0.682* -0620*
(0.117) (0.379) (0.344)

fore ~0621 0584+ -0539*
(0.414) (0.265) (0.284)
regional fixed effect Yes Yes Yes
time fixed effect Yes Yes Yes
Observations 180 180 180
Resquare 0314 0305 0362

Clustering robust standard errors in the *P < 0.1,**P < 0.05,**P < 0.01.
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Substitute the dependent variable

Subsample regression

Carbon emissions per unit of output 2013-2016 2017-2020
digf ~1.582+% ~0.894°%* ~0.635%
(0.419) (0.319) (0.227)
ind ~0.672 0376 (0.288) ~0287*
(0.448) (0.130)
eco -0.304 (0.251) 0317 (0.310) -0.320 (0.288)
env -0379* 0511 0496
(0.190) (0.183) (0.261)
open -0.620 ~0.505* -0.621
(0477) (0.230) (0.414)
urb ~0.264 ~0376* ~0418*
(0.203) (0171) (0.190)
pop ~0.013 (0.010) 0028 (0.112) ~0.015 (0.130)
fore ~0.841%% ~0.492° ~0363¢
(0.443) (0.224) (0.130)
regional fixed effect Yes Yes Yes
time fixed effect Yes Yes Yes
Observations 240 240 240
R-square 0302 0316 0320

Clustering robust standard errors in the *P < 0.1,**P < 0.05,**P < 0.01.
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Variable Model 1, ie Model 2 CO2 Model 3, ie Model 4, ie Model 5 CO2
gref 0715 ~1582+% 0,681 0729 -1285
(0.255) (0.688) (0.243) (0.260) (0.664)
ie ~0.112% 0,386
(0.025) (0.138)
env 0723 0,625 0421
(0402) (0:223) (0.234)
grefxenv 0543+ 0599
(0247) (0.272)
Controls Yes Yes Yes Yes Yes
regional fixed effect Yes Yes Yes Yes Yes
time fixed effect Yes Yes Yes Yes Yes
Observations 180 180 180 180 180
R-square 0324 0380 0311 0430 0496

Clustering robust standard errors in the *P < 0.1,**P < 0.05,**P < 0.01.
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InSRt InSRt+1 InHD! InH
InPSA | 02757 02158+ 00411+ 0.0156*
|60 (3.70) (4.85) (1.68)
» ‘ 02389+ 02262 01313 013914+
» \ (1061) (1.88) (533) (541)
Controls \ ¥ Y 4 Y
Time fixed \ Y Y ¥ Y
City fixed ‘ Y Y 4 Y
N \ 3,598 3341 3,598 3341
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Resource-based city City size
Yes No Small cities Medium-sized cities Large cities Il Large cities |
InPSA 00365 01901+ 01667+ ~0.1408* 02101+ -0.1102¢
(-087) (-576) (@o1) (-266) (-577) (-191)
» 0.0605** 00419 0.0599 00770 01948 01042
(1.98) (1.56) 3 (246) (687) (2.03)
Controls ¥ Y b ¢ ¥ Y 4
Time fixed Y Y ¥ Y Y v
City fixed b'a Y Y g | Y ¥
N 1386 2212 336 1,050 1708 504
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InPSA ~0.1384"* -0.1086"* ~0.1438"** ~0.1154"* ~0.1403* ~0.0349*
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P 01525 0.1108** 01076 01114 0.0534%%
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Controls Y ¥ 4 ¥ X ¥
Time fixed ¥ [ Y Y Y b 4 Y
City fixed ¥ ¥ Y Y X Y
N 3,598 [ 35598 3,598 3341 3598 3341






OPS/images/fenvs-12-1458029/fenvs-12-1458029-t003.jpg
OLs SAR

M SD

InPSA ~0.1406** ~0.1383% ~0.1398*** ~0.1468"*

SDM [Wx]

00096
(-233) (-5.31) (-533) (-5.61) (0.18)
InHUM -0.0304 ~0.0272* ~0.0242 00239 ~00772%
(-085) (-1.92) (-1.70) (-1.70) (-291)
InINV ~0.1173%+ | ~0.1125%% -0.1193 ~0.1144% 00308
[ (-291) (-7.50) (-7.63) (-6.65) (1.22)
InFDI 0.0046 | 00055 0.0069 0.0115° ~0.0263*
[ (0.35) (0.96) (1.18) (1.88) (-276)
InpGDP | 0.0486 | 0.0703* 0.0884° 01981 ~0.4439*
[ (0.49) (1.6) (1.99) (4.04) (-579)
InFD 00897 | 0.1039°** 01274 [ 01674 ~0.4104*
(0.84) | (258) (3.06) (3.95) (-5.84)
InER -0.0574* ~00517* 00548 -0.0232 -0.0326
(-1.93) (-2.88) (-2.80) (-0.77) (-0.85)
Jorp [ 01315 01372 0.1140°*
[ (5.50) (5.60) (a71)
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 Constant

‘7 Digital_Governance
‘ Control Variables

‘ Observations
ity Fixed Effect
Time Fixed Effect

(o

2.6977*** (5.89)
~0.0258" (~1.76)
Yes

2911

Yes

Yes

07332

0.1016"* (10.72)

-0.0003** (-2.03)
Yes

2911

Yes

Yes

15.7869** (150.20)
00037 (-3.16)
Yes

2911

Yes

Yes

09944

63577+ (10.23)
00006 (-2.67)
Yes

1573

Yes

Yes

09629

570974+ (8.33)
00250 (~2.06)
Yes

2911

Yes

Yes

0.9475

57098+ (7.08)
00250 (-2.53)
Yes

2911

Yes

Yes

09475
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Z-Statistic Z-Statistic

2006 0.178*+* 4536

‘ 2013 02217+ 5626
2007 0176+ | 4496 ‘ 2014 [ 0188 4.802
2008 | 0.186*** 4749 l 2015 0252+ | 6392
2009 0198+ | 5.050 ‘ 2016 [ 0259+ 6571
2010 | 0210+ 7 5343 ‘ 2017 | 02417+ | 6125
2011 0192+ | 4.894 ‘ 2018 | 0255 6470
2012 0198+ 5.058 ‘ 2019 02147+ 5444

Note: 1) Prepared based on the processing results from STATA 16 software. 2) *p < 0.1, **p < 0.05. ***p < 0.0L.





OPS/images/fenvs-13-1539223/fenvs-13-1539223-t003.jpg
Constant
Digital_Governance
IVaverage3

Control Variables
Observations

City Fixed Effect

Time Fixed Effect
City-Time Joint Fixed Effect
Resquare
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Variable Observations Mean Standard deviation

Carbon emissions performance per unit space 464 ~11.214 1279 -14.04 -7.71

Economic level 464 2455 0.463 093 359
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is Industrial structure 464 1135 0.663 05 53
e Structure of energy consumption 464 0589 0.356 0 176
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e Technological advancements 464 1189 0822 0 482
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bula Building density 464 0159 0145 0 081
er Degree of environmental regulation 464 1366 0832 03 938
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Eastern Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong and Hainan
Northeastern Liaoning, Jilin and Heilongjiang

Central Shanxi, Anhui, Jiangxi, Henan, Hubei and Hunan

Western [ Inner Mongolia, Guangxi, Chongging, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai and Ningxia
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Effects Ingdp Inpo es urb ee bula
w, Direct effects ~0.897*% 0312 ~0.198** 0412+ ~4.1034 0,095+ 0.607*
Indirect effects 0089 0714 ~0.469°* ~0380°* 0019 0.092 ~0702

Total effect ~0.808** 1025 ~0.667% 0032 —4.083% 0003 0095

W, Direct effects 0858+ 0,199+ 0093 0029 -2.0217% 0189 04717
Indirect effects ~0.280 0068 ~0.937%% 0,495 2897 0.006 ~0261

Total effect ~1138 0,268 ~1030°* 05240 0877 0184+ 0209

W; Direct effects ~0870°* 02174+ 0027 0082 2,692 0161 0480
Indirect effects 0.180 0014 ~0384* 0.245% -1212 0.105 0566

Total effect 0690+ 0230 0357 0.163 ~3.904%% ~0056 0086
W, Direct effects ~0856° 0247+ 0032 ~0011 2,084 0210 0596+
Indirect effects 0237 0041 ~0530°* 0843+ 0655 ~0007 ~0709

Total effect ~0618* 0289 ~0562* 08327 -2739 -0216 ~0.113
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Inpop 0245 0183 0235+ 02447
is 0258 0076 -0172 -0.017
es 0413 0123 0.056 0.074
urb ~gasgm ~3.968" —2.593%+ =3.720"*
ce ~0.101%% ~0.134%% ~0.129% ~0.140**
Intdp -0.058* -0.078* ~0.101% -0.069
bula 0376 03827 0.143 0369
Er 0011 0.004 0.006 0011
Wlngdp 0029 0,109 0,081 0.066
Wlnpop 0238 0153 0188 0798
Wris -0254 1513+ 0613 1439
Wres ~0.389%% ~0.004 0117 0.165
Wrurb 1938 -2.813* 2,461 -2.763
Wree 0.094 0152% 01 0151
Welntdp 0.068 ~0252°% 0.069 -0205*
Wbula 0624 -1010% 0695 -1321
Wrer 0.013 ~0.073* 0.019 ~0.055
tho 0345+ 0218 0128 0219
Igt_theta -2.941%% -2.934%% -3.001% —2971
sigma2_e 0035 0,038 0038 0,039

Note: ***, **, and * indicate significant at the 1%, 5%, and 10% levels, respectively.
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Variable Obs Mean Std

Emission 3480 0.097 0.061 0.004 0621
DID 3480 0.065 0243 0 1
Lnpop 3,480 2548 | 0305 1.306 [ 3532
Lngdp 3480 7.190 0410 6.017 8635
Lnedu 3,480 5.689 0349 4.181 7.060
Lnfep. 3480 | 6454 0336 5.086 | 7.930
Fin [ 3480 1.007 | 0714 | 0.462 7.450
Ris 3,480 0.960 0631 | 0.047 5584
Patent 3,480 7476 19.070 0.011 307.110
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) () (4)

(5)

(6)

DID 0026™ (0004) | -0.034% (0.004) ~0.036** (0.004) ~0.031%* (0.003) ~0033*** (0.003) 0034 (0.003)
Lnpop 0 0003) 0.071%** (0.005) 0.072+** (0.005) 0.077** (0.005) 0.071** (0.005)
Lngdp ~0.058** (0.004) ~0.074** (0.004) ~0.119** (0.005) ~0.117* (0.005)
Lnedu ~0038** (0.003) ~0.025*** (0.003) 0026 (0.003)
Lafep ~0.106** (0.007) ~0.099* (0.007)
Fin ~0.006*** (0.001)
Con 0.099*** (0.001) ~0.076** (0.008) ~0227** (0.017) ~0.108** (0.019) 0.005 (0.020) 0017 (0.020)
7 Obs | 3,480 3,480 3,480 3480 3,480 3,480
IS 0.014 0132 0.186 0225 0279 0282
1d-fixed YES | YES YES YES YES YES
Year-fixed YES | YES | YES YES YES YES

Nohe: 35 & 0:10: 45 2 008, *p 2 (DI vkt standend stroés ae i picucitivisos
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ergy sourc

Standard coal conversion coefficient

Carbon emission coefficient

Coal 0.7143 (kgee/kg) 0.7559
Coke 09714 (kgee/kg) 0.8550
Crude Ol | 1.4286 (kgee/kg) 0.5857
Fuel Ol 1.4286 (kgeelkg) 06185
Gasoline 14714 (kgeelkg) 0.5538
Kerosene i (kgeelkg) 05714
Diesel Oil Lasn (kgeelkg) 05921
Natural Gas Lo (kgee/m?) 0.4483
Electricity 01299 (kgee/kWh) 07935
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Shrinkage

Description

Shrinkage

Description

trajectory

Continuous shrinkage

Potential shrinkage

Temporary shrinkage

Non shrinkage

Shrinkage occurs in each time period; which is, 2000-2010 < 0, 2010-2020 < 0

Growth in the former period and shrinks in the latter period; which is, 2000-2010 > 0,
2010-2020 < 0

Shrinks in the former period and growth in the latter period; which s, 20002010 < 0,
2010-2020 > 0

Each time period growth; which is, 2000-2010 > 0, 2010-2020 > 0

intensity
Slight shrinkage

Moderate shrinkage

Severe shrinkage

Extreme shrinkage

~1% < PI<0 ‘

-2% < Pl < -1%

-5% < Pl <-2%

PI < -5% ‘
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Types of urban shrinkage Time Cropland Forest Grassland Water Construction land  Unused land
Non shrinkage Ti -0.80 -0.10 ~0.87 ~0.60 557 -5.37
T2 062 015 071 356 068 23
Continuous shrinkage T ~0.09 015 055 -165 445 ~0.63
T2 035 026 -0.01 066 137 ~024
Potential shrinkage T -042 016 -0.22 -177 392 -677
T2 -029 003 -0.16 235 060 2440
Temporary shrinkage T e ~0.14 088 ~0.98 322 -5.19
T2 009 -0.10 003 045 104 -052
Slight shrinkage T om ) 047 -1.56 403 -200
T2 030 | 007 -0.04 166 079 27
| Moderate shrinkage n e -107 168 384 12.98 000
T2 025 005 030 279 053 95.02
Severe shrinkage T2 055 188 045 182 i ~090
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@) 3)
Green  Green

Event 0.072%** 0.037** 0.045* 0.047
(0.014) 0012) | (0015 | (0.013)

_cons 0.002 0.001 15.296 0.002
(0.005) (0.004) (3.481) (0.004)

Control (single term) YES YES YES YES

» Control (quadratic term) YES YES YES YES

Year FE YES YES YES YES

Firm FE YES YES YES YES
I Obs 25645 25645 25645 24999

Standard errors in parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.
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) (3)
Green  Green

Event 0037 | 0041 | 0.036"* | 0036"*
(0.012) (0.012) 0.012) (0.012)

_cons 0002 0.002 0001 0001
(0.004) (0.003) (0.004) (0.004)

Control (single term) YES YES YES YES

Gontrol (quadratic term) YES YES YES YES

Year FE YES YES YES YES

Firm FE YES YES YES YES
obs 25645 25645 25645 25645

Standard errors in parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.
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Event 0114+ 0037+ 0,036
(0.012) (0.012) (0.012)
_cons -0.000 0.001 0.001
(0.006) (0.004) (0.004)
Control (single term) YES YES YES
Gontrol (quadratic term) NO NO YES
Year FE NO YES YES
Firm FE NO YES YES
obs 25645 25645 25645

Standard errors in parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.
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Green 25645 35625 09492 0.0000 7.7832
Event 25645 03403 04738 0.0000 1.0000
Size 25645 223048 13011 197343 264523
Lev 25645 0.4096 02036 0.0487 0.9343
Growth 25645 03326 08392 -09258 8.0791
Cashflow 25645 0.0481 0.0676 -0.1948 0.2656
Dual 25645 03288 04698 0.0000 1.0000
HHI 25645 0.1888 01657 00412 1.0000
Age 25645 3.0222 03063 1.3863 42905

7 GTI 25645 10134 1.3086 0.0000 7.4390
GEA 25645 87401 04482 06931 9.6709
IEA 25645 1.3863 11308 0.0000 6.8711






OPS/images/fenvs-13-1579001/math_1.gif
[0





OPS/images/fenvs-13-1564418/fenvs-13-1564418-g003.gif





OPS/images/fenvs-13-1579001/inline_6.gif





OPS/images/fenvs-13-1579001/inline_5.gif





OPS/images/fenvs-13-1579001/inline_4.gif





OPS/images/fenvs-12-1430031/inline_21.gif





OPS/images/fenvs-12-1430031/inline_22.gif
Z = (Zjj)mxnZij = W X 1j;





OPS/images/fenvs-12-1430031/inline_18.gif





OPS/images/fenvs-12-1430031/inline_19.gif





OPS/images/fenvs-12-1430031/inline_2.gif





OPS/images/fenvs-12-1430031/inline_20.gif
W, € 0,1





OPS/images/fenvs-12-1430031/inline_14.gif





OPS/images/fenvs-12-1430031/inline_15.gif
k)i fiiln fi;





OPS/images/fenvs-12-1430031/inline_16.gif





OPS/images/fenvs-12-1430031/inline_17.gif





OPS/images/fenvs-13-1564418/inline_3.gif





OPS/images/fenvs-13-1564418/inline_2.gif
(Event;)





OPS/images/fenvs-13-1564418/inline_1.gif





OPS/images/fenvs-13-1564418/fenvs-13-1564418-t006.jpg
 Event 0.001 0,060 0.006 0.049*% 0.062*% 0.043%
(0.023) (0.014) (0.044) (0.013) | (0.026) (0.014)
_cons 0.006 | 0.000 [ -0.002 0.002 0.003 [ 0.001
(0.006) (0.004) (0.012) (0.004) (0.007) 1 (0.004)
‘ Control (single term) [ YES | YES [ YES YES | YES [ YES
| Control (quadratic term) YES YES YES YES YES YES
| Year FE YES YES YES YES YES YES
| Firm FE YES YES YES | YES | YES 1 YES
Obs 7,057 | 18588 [ 2367 23278 7,640 17555

Stanidard evais i parcithesss, *p < il ™. < (N08; i & 001
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Event 0027+ 0033+ 0,048+
(0.016) (0.008) (0.018)
_cons 0.002 0001 0.001
(0.005) (0.003) (0.005)
Control (single term) YES YES YES
Gontrol (quadratic term) YES YES YES
Year FE YES YES YES
Firm FE YES YES YES
obs 25645 25645 25645

Standard errors in parentheses, *p < 0.1, **p < 0.05, ***p < 0.01.
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2007-2010 18 136 62 56 10
2010-2013 40 142 59 45 5
2013-2016 35 141 60 41 10
2016-2019 36 172 51 27 7
2019-2022 53 179 39 18 2






OPS/images/fenvs-13-1579001/fenvs-13-1579001-t002.jpg
Decoupling

Linkage

Negative Decoupling

Status Carbon emissii pio value

Declining Decoupling <0 <0 DI> 12
Strong Decoupling <0 >0 DI<0

Weak Decoupling >0 >0 0<DI < 0.8

Growth Linkage >0 >0 08<DI < 12

Declining Linkage <0 <0 08<DI < 1.2
Expanding Negative Decoupling >0 >0 DI> 12
Strong Negative Decoupling >0 <0 DI<0

Weak Negative Decoupling <0 <0 0<DI < 0.8
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High-speed Expansion UEDI > 2

Rapid Expansion 12 <UEDI <2
Moderate Expansion 08 < UEDI < 12
Slow Expansion 0.4 < UEDI < 08
Ultra-slow Expansion 0< UEDI < 04

Negative Expansion UEDI < 0
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Period Decoupling types ban expansion effect Affluence effect Technological effect
2007-2010 GL 15.49 3030 ~3034
WD 12011 8621 -172.46
D 1436 2741 4625
SND 595 3455 -2057
END 3281 14886 -100.36
DL 097 | 405 413
Total 17585 33138 -374.11
20102013 GL 17.77 37.29 3756
wD 71.96 58.67 | -103.28
sD 362 739 -1223
SND [ 2105 [ 7085 -29.20
END 24.90 1271 -67.81
Total 972 28691 250,08
2013-2016 GL 325 190 -2.00
wD 3266 [ -1290 -11.92
WND -1483 1728 -4.04
D 88.74 4891 7378
SND -372 419 377
END [ 684 323 | 1151
DD -079 -489 283
DL -078 | 254 -252
Total 11137 -37.56 -76.15
2016-2019 GL 401 451 -452
WD 63.81 -2243 2521
WND -133 [ 286 -1.61
sD 1572 727 -26.62
SND 2057 3293 -259
END 12.87 -1833 372
DD -001 037 039
DL 004 024 -0.24
Total 7446 742 -17.46
2019-2022 GL 325 195 -212
WD 70.08 [ -2437 -2825
WND -072 114 056
sD 607 [ 616 -16.82
SND -27.94 3522 387
END 764 [ 950 1160
DD 047 078 -1.79
Total 5791 3038 3407
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 Constant

‘ Digital_Governance

(9]
40729 (4.47)

~0.0864** (-2.69)

2)
65136 (11.27)

~0.0027 (~0.20)

)

45831 (4.92)

~0.0138 (-0.46)

‘ Control Variables | Yes Yes Yes
‘ Observations 961 1179 m
‘ City Fixed Effect | Yes Yes Yes
Time Fixed Bffect | Yes Yes Yes
Resquare 09559 09507 09232
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) 2

‘ Constant 63231 (11.46) | 44879 (633) 57397+ (14.08)
‘ Digital_Governance ~0.1400*** (-2.59) ‘ ~0.0101 (-0.76) ~0.0399** (~2.36)
‘ Digital_Governance x Market ‘ ~0.0018** (-2.29)
‘ Control Variables Yes ‘ Yes Yes
 Observations 1618 1293 2911

Gty Fixed Effect Yes | es Yes

" Time Fixed Effect Yes ‘ Yes Yes

‘ Resquare 09634 ‘ 09665 09475
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) ()

)

 Constant L1281 (197) | 56224 (1231) | 61605 (7.49)

‘Digital_Guvemance ~0.0011** (-2.06) ‘ ~0.0338* (-243)  0.0100 (0.40)

‘ Control Variables | Yes ‘ Yes Yes
‘ Observations 2911 ‘ 2911 2911
‘ City Fixed Effect  Yes ‘ Yes Yes
Time Fixed Bffect | Yes ‘ Yes Yes

Resquare 09274 ‘ 09358 09407
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 Constant

‘7 Digital_Governance
‘ Control Variables

‘ Observations
ity Fixed Effect
Time Fixed Effect

(o

~7.0134" (~5.64)

0.1185% (2.26)
Yes

2911

Yes

Yes

05049

2,0586* (2.45)
0.1460* (1.95)
Yes

1826

Yes

Yes

0.6729

20027+ (3.38)
02829+ (3.80)
Yes

1826

Yes

Yes

05948

19784 (3.95)
~00260* (~1.71)

Yes
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) (3) (5) (6)
inform 0.1146"* 01114+ 01099 01112 01066 01056+ 0.1056°*
| (3.9660) (3.5241) (3:5805) (35511) (3:2502) (3.4408) (3.4398)
pedp 7 0,005 0.0006 0.0006 0.0007 00021 0.0021%
(0.5126) (0.6040) (0.6749) (0.7960) (2.2023) (2.2026)
urb 0.0501* 0.0515* 0.0485* 0.0464* 00464
| (1.8770) (1.9513) (1.8505) (1.8357) (1.8354)
hum 02644 -02313 -02419 -0.2419
(-1.2876) (-1.1508) (-12957) (-1.2956)
trans 00203+ 00175 00175
(27518) (2.6246) (2.6243)
is 11166 L1164
(4.7732) (47714)
energy 0.0000
(1.1081)
_cons 08325 0.8308°* 08052+ 08087+ 07889 074717 07471
(257.0257) (222.5188) (56.9837) (54.2749) (51.5299) (39.4868) (39.4807)
city Yes yes yes yes yes yes yes
year Yes yes yes yes yes yes yes
N 2820 2,820 2820 2820 2,820 2,820 2820
R 0503 0.503 0506 0507 0512 0527 0527

Note: Standard errors for robust clustering at the city level are in parentheses, * stands for significant at the 10% level, ** stands for significant at the 5% level, *** stands for significant at the 1%

T T,
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Variable Obs Mean Std. dev Min Max
se 2820 | 0.8646 00591 04513 0.9686
inform 2820 0.1395 01520 00022 12781
padp 280 | 55127 30274 0.0000 218118
urb 2820 | 05694 01472 0.1815 10000
hum 2820 | 0.0200 00254 0.0000 01398
trans 280 11211 05233 00702 27780
is 2820 00435 00102 00115 00907
energy 280 | 79925 913584 00252 | 12049430
1 2820 38204 128139 | -1846440 | 1510165
off 2820 | 0.0037 0.1866 s aeies
iff 2820 0.0002 00093 -0.1172 00792
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get level Primary Secondary indicators

indicators
Digital Construction level ‘The interaction between digital infrastructure mentions in government reports and the secondary sector’s value-added is
infrastructure analyzed

Business Revenue Revenue from telecommunication services

Coverage Number of international internet users

Total mobile subscriber count at the year-end
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Target level

Synergistic management degree of pollution reduction and carbon reduction

Primary indicators

Pollution reduction

Carbon reduction

Secondary indicators

pm2.5

Industrial soot emissions

Growth rate of industrial soot
Intensity of industrial soot emissions
Carbon emissions

Carbon Emission Growth Rate

Carbon Emission Intensity
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) (5) @) (8)

InC_dress InC_daily InC_house InC_other
digital 1570 0970 0347 -1625 0434 7.853% 35150 0572
0972) (1270) o (2015) (1.909) (3.304) (1359) (1.587)
digital® | o0 0555 1671 0007 | sous -5.820 T
| (1423) (1.892) e (3312) | Goss) (5.726) ‘ (2.099) (2.906)
control variable | yes yes yes yes yes yes [ yes yes
ciylyear fixed | yes yes yes yes yes yes | yes yes
Constant | osest 0978+ 2166+ 0285 0578 2768+ C2a2 ~2.657+
(0217) (0.299) (0276) (0.415) [ (0378) (0.739) ‘ (0274) (0.369)
‘7 Observations | 4160 3,903 s 3757 4122 2372 ‘ 4154 3,503
S | oasu 0378 0398 0.157 0261 0178 0307 0314

Note: InC._food, InC._dress, InC_trco, InC_med, InC._daily, InC._cec, InC_house, and InC_other represent the logarithms of carbon emissions from food consumption, clothing consumption,
transportation consumption, medical and healtheare consumption, household equipment and supplies consumption, cultural and entertainment consumption, housing consumption, and other
consumption, respectively.
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Low level of digital

High level of digital

economy economy
development development
digital InC InC
12888 1183
digital® (5.596) (1.428)
71805 -1410
control (33.792) (1.923)
variable
yes yes
city/year fixed | yes yes
Constant 27330 2897+
(0.314) (0377)
Observations | 2,914 1,256
® 0446 0506
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Central Central

InC InC
digital -1545 | -1062" | 2914 2054t | 7130
(1.160) [ (0.525) | (2.693) | (0.776) | (2.662)
7digi!a]’ Lo | om0 T
(1.696) (6.988) (5.749)
control variable | yes [ yes yes yes yes
» city/year fixed | yes yes yes yes yes
Constant B O P RO e
(0297) | (0282)  (0.340) (0315) (0375)
Observations | 1886 1886 1,306 1306 978
i 0477 0477 0485 0485 0.436
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digital 1831 1701
[ (0.914) (0.866)
digital® -2563* ~24504¢
(1471) (1422)
control variable no yes
city/year fixed yes yes
Constant e 29350+
(0.081) | 0190)
Observations 4170 4,170
R o2 " ost0
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ier 1 indicators

Level of development of
The digital economy
(digital)

Tier 2 indicators

Variable Ti

r 3 indicators

x1 Internet users per 100 population (users/100 population)
x2 Mobile phone subscribers per 100 population (subscribers/100 population)
Digital industrialization x3 Revenue from telecommunication services (in millions of dollars, in logarithms)
x4 Share of persons working in computer services and software in % of persons working in urban
units (%)
Industrial digitization x5 Total postal operations per capita (million yuan)
X6 Express business per capita (pieces)
Digital services and X7 Digital Financial Inclusion Index
‘governance
x8 Science and technology expenditures as a percentage (%)
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Related consumption products

Food Agriculture, Forestry, Animal Husbandry, Fishery and Water Conservancy; Processing of Food from Agricultural
Products; Manufacture of Foods; Manufacture of Liquor, Beverages and Refined Tea

Clothing Manufacture of Textile; Manufacture of Textile, Wearing Apparel and Accessories; Manufacture of Leather, Fur, Feather
and Related Products and Footwear

Transportation and communication Manufacture of Computers, Communication and Other Electronic Equipment; Transport, Storage and Post

Pharmaceutical manufacturing Manufacture of Medicines

Consumption of household equipment and Processing of Timber, Manufacture of Wood, Bamboo, Rattan, Palm, and Straw Products; Manufacture of Furniture;

supplies Manufacture of Rubber and Plastics Products; Manufacture of Metal Products; Manufacture of Electrical Machinery and
Apparatus

Culture, Education and Entertainment Manufacture of Paper and Paper Products; Printing and Reproduction of Recording Media; Manufacture of Articles for

Culture, Education, Arts and Crafts, Sport and Entertainment Activities

Housing Manufacture of Non-metallic Mineral Products; Production and Supply of Electric Power and Heat Power; Production and
Supply of Gas; Production and Supply of Water; Construction

Others Manufacture of Tobacco Wholesale, Retail Trade and Hotel, Restaurants






OPS/images/fenvs-13-1523850/math_6.gif
- In (GNIpc) -In (MinF) ©
“In (MaxF) —In (MinF)





OPS/images/fenvs-13-1519286/fenvs-13-1519286-g003.gif





OPS/images/fenvs-13-1523850/math_5.gif
AES - MinE
MaxF ~ MinF,

)+(.

TS - M
MaxF - MinF) [ 2

©





OPS/images/fenvs-13-1519286/fenvs-13-1519286-g002.gif





OPS/images/fenvs-13-1523850/math_4.gif
LEI

LE - Mink
Mok - MioE

@





OPS/images/fenvs-13-1519286/fenvs-13-1519286-g001.gif
Bkt [ pe—

ot st nd s et

1 The digita eccceny exibits 4 e U-shpod reltionsiy with it bl o
s OHCES)
T
e

0o e he g vy pemts b ce s 1S

12 e s e e i oy d s bl b o (1) i
it eeted U oped .

15T Usbipd s e g smeny o HICES s it s s
[t e T -

04T o g o o e R i i ) it o
Coutmpicacioe Pl b et U e e e it ooy
THCES 1 oo k1D consio ot ot o i, s oy e
e " e R W
oy pnrly e e e A

ikl el st
R L e
iredl sy sy





OPS/images/fenvs-13-1523850/math_3.gif
(3)





OPS/images/fenvs-13-1519286/crossmark.jpg
©

|





OPS/images/fenvs-13-1523850/math_2.gif





OPS/images/fenvs-13-1539223/math_2.gif
Mecharksmy = @, + pDigital.Governmenty + Y, Xu + A + 4 + &
2)





OPS/images/fenvs-13-1523850/math_11.gif
+y.Ex x (InHDI,) +y,InCV, +Ing, (11)





OPS/images/fenvs-13-1523850/math_10.gif
InCEqy = B, + B\InHDI, + B, (InHDL)" + ,inMy + B, InCVy
+iney
(10)





OPS/images/fenvs-13-1523850/math_1.gif
+C, +C,=xkE,+yE, +9(n x E,) (1)





OPS/images/fenvs-13-1519286/fenvs-13-1519286-t005.jpg
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‘ Interval 0027 0567
‘ Slope 1786 -1314
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0013 0093
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digital 0.794% 2357+ 23640 1940
(0.437) (0.900) (0.903) | (0.869)
digital* | e -2907 [y
| (1.487) (1.457) [ (1.461)
age | | ~0010°* | oo0ses
| (0.001) [ (0.001)
gender 0125 0062
(0.028) (0.023)
education | 0054+ oo
(0.003) (0.003)
marriage | 0316+ 0,160
(0.048) (0.039)
urban 0175%
o3
familysize 0.110%*
)
Ifamilyincome | sy
(0.017)
house_debts 0059+
(0.033)
nonhousing_debts | [ o084
(0.035) i
child o030
(0.087)
old | oo
| (0.043)
citylyear fixed [ yes yes yes [ yes
Constant 8021 7907+ 78330 30320
| (0.054) | (0.080) (0.123) | (0.193)
Observations } 4,170 1 4,170 | 4,170 [ 4,170
R Lo 0177 0317 Loazs

Note:,**, and *** indicate significance at the 10%, 5%, and 19%levels,respectively. Robust standard errors clustered at the houschold level are reported in parentheses. The same applies to all
subsequent tables.
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Variable Sample Averages Maximum
InC 4,170 8113 0828 6067 1023
digital 4,170 0116 00907 00266 0567
digital* a1 00218 00465 0000709 o
age 4170 sies 1191 17 8
gender 4,170 Losan 0499 0 1
marriage ar0 0875 0331 0 [1
cducation a0 7 | azes D) 6
urban a0 Coars 05 o E
familysize 4170 3269 1487 1 13
child 4170 0.101 0.149 0 0.667
old 4,170 0.177 0311 0 1
house_debts 4170 0137 0344 0 [1
7non.hnusin&debu L o Lo 0 K
Ifamilyincome 4170 9.59 0757 6,685 us
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Variable space weig Adjacency matrix  Geographic

DE ~223.567* (-3.165) ~522.165 (-3.164) 226341+ (3.029)
DI 0.038*** (5.016) 0.105* (3.165) | ~0.058*** (~4.126)
D s 5.896"* (4.361) 6856 (~5.126)
Pop ~0.433 (-0.899) 0,077 (0.054) 0726 (1.177)
URB ~0.036 (-0.067) ~2.156 (~1.033) 0.226 (0.659)
Gl 8.156"(2.036) 2519 (0231) | -9.236 (~1523)
Spatial auto-regressive coefficient 0.405*** (6.896) 0.115 (0801) 0.285"* (3.644)
Ballistic error impact 135487+ (16.021) 149,063+ (14.698) | 149,367+ (14.966)
R-squared 0004 0.008 0254
1890262 ~1899.634

Log likelihood ~1925.167
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Variable East Middle p: West
DE 336012 (5.168) | 325.167*** (5.145) 355,661
DI 009 (326 | 0011 (0658) 0.016 (1.306)
D ~2674° (-3058) | -0.233 (-0.325) 0.024 (-0.077)
Pop 1306 (1.228) o 089 | 0306 (-1479)
URB -0.165 (-0.389) | -1.688** (-2154) | -0.506 (~1.152)
Gl 26159 (1412) | 11075 (2018 | 0306 (-0.105)

Constant term

Resquared

279.675%** (3.266)

0512

~14.095 (~0.156)

0.804

-19.116 (-0.487)

0.614
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e CEE
DE 869257 348,167+
DI - —
D — —
Pop - ~0.000°+*
URB -9.657 0529
Gl -2334 ~0598+*
L-open 765288 ~0795**
S ~164.259 0254
DE 4125 16234
Constant term 115.267*** 58.437*
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ES CEE El CEE!
DE -50169% | 205136 06547+ | 235169
DI = -0321 — -
D - - - 24,68
Pop = = = =
URB 0.001 ~0.003* ~0000°* | -0.0896"*
Gl 0105 0184 ~0289"* | -1025
L-open 0523 0619+ 0002 0856
S 0059 0258 0001 0321
DE 2987 123947 0069 1536
Constant term 90,125 64,140 32580 136198
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DE 20817 137.169° 36.297* 223.165"

DI — 39.969*% — —

D — — — -0.065
Pop ~0.000*** ~0.001 -0.001* ~0.003***
URB ~0.007** 0074 0.085 -0.179

Gl 0.003 ~8.169** -0.364*"* ~0.805*+*
L-open 00117 ~0.087 0.154 0326

ES 0347%* 0425 5.169** 16.129**

Constant term 0.706*** (3.598) 11.698 (1.052) ~0.497 (-0.052) 38416 (2657)
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Variable DE Dependent Least squares Replace Replace Exclude

variable regression results independent dependent some data
variables variable

DE - 135289 (11.86) 198.126** (11.268) 0.052+** (4.267) 0715+ (6.529) 197,321

(10.296)
DI 0,000+ 0001 (~1265) 0001 (~2.167) ~0.000°** (~2.156) 0,021+ (3.698) 0014+ (-6.211)
(4.126)

D ~0.000 0.128 (0743) ~0.179°** (0.826) ~0.000°** (~2.058) ~1526** (-2.976) 0576 (3.875)
Pop 0,000 ~0.898°* (~4.236) 0765 (-3.271) ~0.000 (~1.289) ~1562* (-3.114) ~0.369°** (-3.106)
URB 0,000+ 1043 (3.121) 0296" (1.405) 0,00 (0.354) ~0.307 (~1.236) 0.144 (-1.121)

Gl 0,001 17,682 (11.629) 15267+ (5.388) 0.007+** (5.899) 16,035+ (4.869) 1.190 (0.749)

Constant 0003 1658 (~0.154) 35.941%* (2489) 0.061%** (3.471) 3.746 (0.105) 85.167°** (4.863)
term (-1.021)
R-squared - 0627 0589 0235 0458 0702
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Variable

Phase 2

DE - ~1.589* (~4.89)
v 0.006%* (13.697) =
» v Yes Yes
Year FE Satisfy Satisfy
Urban FEs Satisfy Satisfy
Kleibergen-Paap rk LM statistic (KP-LM) 9.25 [0.002] 933 (0.003]
Kleibergen-Paap rk Wald F statistic (KP-WE) 31569{15.29} 22,158{16.23}
Constant term ~0418 (-5.23) 0.129 (0.364)

Note: the values within [] are p values; {} is the critical value at the 10% degree of the weak identification test.
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Independent variable

CEE

Dependent variable

Robust test

Note:

DE 310.289°** (9.876) - - 5.0952(~1.679)

DI - 259.783** (9912) - 0.0456%(-0.326)

D - - 210,659 (6.234) 0.0192+(~1.653)

Pop ~0.021** (~3.895) ~0.015% (-3.674) ~0.005 (-1.258) ~0.0852*(1.829)

URB ~0.593** (-2.516) 0013 (0.065) ~0.589° (-2.114) ~0.1021°*(0.401)

Gl 0206 (0.894) 0401 (-1.325) ~0.487* (1.657) ~0.1476 (-0.619)

L-open 0.189 (0.867) 0.139 (0.576) 0.176 (0.741) 0.85807%(2.033)

FS 12006 (4.895) 11859 (4.338) 16334 (6.129) 0.4884°*+(2.298)
Constant term 130641% (5.128) 96,2347 (3.565) 62951** (2.146) -
Hausman test 16894 (0.003) 14.023 (0.020) 12790 (0.048) -

R-squared 0508 0508 0489 0129

“ %+ and **** mean significant statistical differences in variables at 10%, 5%, and 1%, respectively.
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Variable Breusch—Pagan LM test

Statistic 5% critical value
Ln-DE -33791 -35638
Ln-DI -41092 ~45076
Ln-ID ~3.4067 -35638
Ln-Pop -43718 44974
Ln-URB [ -27482 35630
Ln-GI | -4.1473 -44992
Ln-L-open -3.1191 35651
Ln-FS -43945 -4.4493
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Variable VIF

Ln-DE 293
Ln-DI 264
LoD 261
Ln-Pop 226

Ln-URB 217
Ln-GI 127
Ln-L-open 1.00

Ln-F$ 212
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Variables

Mediating variables

Index Mean
AIS 1082 0589 5320 0491
RSP 11263 18236 265.178 68253
ES 98.743 50124 277439 233
EI 2165 1162 8025 0.602
™ 42165.289 76436.177 726549 81335
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Variable Index Mean
Independent variable CEE 55.689 42150 321025 6235
Dependent variable DE 0125 0.106 0.746 0.008
DI 0.087 0.101 0732 0.009
D 0.163 0121 0.851 0.008
cv Pop 4623.144 2811.318 12648.531 564.71
URB 56.258 13.698 88.926 25.981
Gt 2177 9.678 65.137 7.685
L-open 5329 5124 42056 0.001
S 2,687 1115 7.3% 0.944
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Digital economy Indicator

attribute
Level | Secondary indicators Third level indicators
indicators
DI Electronic information equipment Investment in communication equipment and RMB 100 mn +
‘manufacturing industry computer services
Mobile phone production 10,000 units +
Production of computer and integrated circuit | One billion yuan +
equipment
‘Telecommunications industry Internet broadband access 10,000 households +
Mobile phone exchange capacity Kilometer +
Long-distance optical cable line length RMB 100 mn +
Software data technology service-related Information technology service revenue RMB 100 mn +
categories
Industrial output RMB 100 mn +
D Industry ‘The proportion of sales revenue from industrial % +

innovation products

Technical renovation expenses ‘Ten thousand yuan +
‘The third industry | Value added of the service industry RMB 100 mn +
Number of Internet users Ten thousand +

people
Social retail consumer goods RMB 100 mn *
Cultural, educational, and entertainment Element +

consumption

Agriculture Electricity consumption Billions of hours +
Investment in fixed assets investment such as RMB 100 mn L

clectricity and gas

Infrastructure fixed assets investment Transportation RMB 100 mn +
Computer services and software RMB 100 mn +

Health and social work RMB 100 mn +

Digital talent Higher education institutions Individual +

Number of professional awards People +






OPS/images/fenvs-13-1453151/inline_12.gif





OPS/images/fenvs-13-1443405/fenvs-13-1443405-g004.gif





OPS/images/fenvs-13-1453151/inline_11.gif
Cit





OPS/images/fenvs-13-1443405/fenvs-13-1443405-g003.gif





OPS/images/fenvs-13-1453151/inline_10.gif





OPS/images/fenvs-13-1443405/fenvs-13-1443405-g002.gif





OPS/images/fenvs-13-1453151/inline_1.gif





OPS/images/fenvs-13-1443405/fenvs-13-1443405-g001.gif





OPS/images/fenvs-13-1453151/fenvs-13-1453151-t008.jpg
inform 575616 0.0097* 00189
(3.9654) (1.8449) (1.9942)
pgdp 20928 ~0.0004* 00008+
(4.5587) (-1.9415) (-32716)
urb -123511 ~0.0016 00078
i (-1.5974) (-0.3580) (1.6303)
hum 909089 0.0420 01453+
(-1.2832) (1.0068) (2.3653)
trans -1.2135 00048+ ~0.0031
(-0.6788) @Gany (-10482)
is ~33e+02* 0.1607+* 01446
(-2.8932) (3.6368) (34032)
energy 0.0008 0.0000 -00000*
(0.9585) (0.4028) (-1.8928)
_cons 6.1562 -0.0122* ~00068*
‘ (1.3616) (:3.5843) (-16562)
ity yes. yes yes
year yes yes yes
N 2820 2820 2,820
R2 0255 0037 0033
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(3) 4)

Resource Non-
resource
inform 0.0728* 02829% 02437 0.0836+
| o) (2.2467) (2.0091) (3.1626)
pedp 0.0004 00029 0.0009 00024*
(0.2748) (2.0456) (0.5774) (1.8730)
urb 00501 00345 00116 00986
(1.2620) (1.2160) (-0.4886) (2.4328)
hum ~02756 ~0.1240 01782 ~03166
(L) (03696) 0362 | (1495
wns | 00039 ooasse | oos | ooos2
| (05209) (3.4590) (3.7686) (0.6765)
is ostsz 137 Los2e | Loso0ees
' s (3.8979) (2:7054) (4.0217)
energy oo o000 FYTT N yw—
(09520) (01730 (-34133) (2.4786)
experienced | 0.000°** 0,001+
p-value
_cons 076847 | 07281 07613 07320
(29.4566) (25.5191) (33.0673) (269225)
city | yes. [ yes [ yes | yes
year [ yes yes yes yes
N | a0 1380 o 1710
R2 0.600 0484 0496 0.569
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(2)

Central-West

inform 01904 00648 02077 0.0404°%
(3.0693) (2:6365) (2.99%) (26442)
pgdp -0.0015 00043+ 00027 00016
| (-0.8490) (3.9561) (1.7943) (1.6606)
urb 00952+ 00113 0.0200 00522
(2.2468) (0.4989) 0.5742) (2.5038)
hum -0.0551 -0.1930 ~0.3614 -0.2787%
(-0.1439) (-0.8633) (-11720) (-1.8463)
trans 00223 002107 0.0592° 0,009
(1.1785) (3.1259) (2.5801) (1.5284)
is 08275 12470 15843+ 053707
(1.3984) (5.3421) (4.4640) (28181)
» energy 0.0000°** ~0.0001*** 00404 0.0000°**
(3.1568) (-35270) (-2.7595) (4.3289)
» experienced p value 0,007+ 0,002
_cons 07070+ 07619 0.6845°* 0.8012%
(13.8055) (50.6600) (21.6762) (57.9569)
city yes yes yes yes
year yes yes yes yes
N 1,000 1820 1,290 1,530
R 0513 0596 0.469 0703

Note: Ertipiiizall p valiies are tised: 6 test for- diffccances 1 cosBcisnts betwasn droins and e obtatned by 11000 bootitrap replicates as follows.
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(1] () (4) (5) (6)
inform 14649 018124 0.0834% 01056 01079 0.0906***
(20691) (28392) (28200) (34219) (3.8716) (3.8831)
pedp -0.0083 0.0022% 0.0021* 0.0021%* 0.0016* 00012
(-14262) (2.0026) (1.9180) (21912) (1.8930) (1.2316)
urb [ 00219 00442 00158 00464 0.0253 0.0448*
(0.5908) (14075) (05314) (1.8259) (1.3554) (1.9055)
hum -0.7170 02963 -0.2335 02419 ~03087* ~0.1288
[ o (-14827) (-1.2165) (-1.2889) (-1.9344) (-0.7141)
trans ~0.0087 00171 00128 00175 00167+ 00182+
(-02271) (24173) (1.9419) (26107) (2.6216) (2.6978)
is 10309 11500+ 0,948 L1164 10034+ 10759+
(24364) (4.6954) (42255) (4.7467) (4.710) (4.8654)
energy ~0.0000 0.0000 0.0000** 0.0000 ~00330* ~0.0000
| ) (1.5790) (25154) (1.1024) (-2.4020) (-:0.8569)
appep 00106
(-:3.7788)
bluesky 00218+
(5.0215)
unidentifiable tests 3821 9019
(0.0506) (0.0027)
weak instrumental variable tests 15385 2,144370
(8.96) (84.862)
_cons -0.6798 04376+ 077317 07484 07753+ 075220
(-1.0876) (5.5065) (35.6894) (34.1756) (47.6759) (42.1249)
city yes yes. yes yes city yes
year yes yes yes yes year yes
N 2820 2538 2256 2820 2,820 2,820
R 0507 0885 0519 0890 0909 0.556

Note: P values in parentheses for unidentifiable tests; 10% threshold for weak instrumental variable tests in parentheses for weak instrumental variable tests.
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ADF test value Critical value Stability of critical value

5% 10% 5% 10%

Ln-DE -5.8656 ~4.1897 -3.5462 Stable Stable
Ln-DI 34099 ‘ -3.2953 -2.6691 Stable | Stable
Ln-ID -36322 -3.8674 -3.4324 Stable Stable
Ln-Pop ~4.2665 -4.2339 -3.2118 Stable Stable
Ln-URB | 78513 | ~4.1919 -3.1361 Stable | Stable
Ln-GL ~3.6337 ~3.8689 ~3.4359 Unstable Stable
Ln-L-open 42681 -42352 -32131 Unstable | Stable
Ln-FS -7.8528 -41934 -3.1376 Stable Stable
Ln-CEE | -79127 -42326 -3.1622 Stable | Stable
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(1)

Remove the impact
of the global

financial crisis

)

Remove the impact
of the supply-side
reform

PM2.5 PM2.5
BRI ~0.418** ~0423+*
(-3.45) (-4.10)
Fixed asset 03017+ 0231
investment
(3.20) (2.39)
Human capital  0.000317 0000484
(054) (0.73)
Employment 000302 ~0.00496
(-1.15) (-1.24)
Secondary 000137 ~0.00367
(050) (-0.63)
Tertiary 0.000110°** -0.00906
(2.86) (-142)
Income -0519* -0329
(-2.68) (-1.54)
Technology oours oo
(-0.51) 0.22)
Intervention ~0.00180* -00107*
(-192) (-211)
»,cons 4433 4284
(427) (4.22)
N 2,420 2,414
adj. R 0340 0313
City FE Yes Yes
| Year FE Yes Yes

¢ values in brackets. *, **, *** indicate significance levels of 109, 5%, and 1%, respectively.
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(1)

Lagged control

variables
PM2.5
BRI ~0.408°+* ~0393+*
(-325) (-3.14)
Fixed asset 0,340 0,309
investment
(3.87) (3.42)
Human capital 0000i10 " o00iss
(0.63) (0.76)
Employment ~000331 ~0.00500
(-108) (-147)
Secondary 000333 0.00231
(-078) (0.79)
 Tertiary ~0.00800 0.000103**
(-146) (2.40)
Income ~0411* ~0514°*
(-191) (-2.80)
Technology ~00745 ~00573
(-0.80) (-0.61)
Intervention ~000232* ~0.00206*
(-2.18) (-193)
_cons 4437 45250
(4.73) [ (4.92)
N 2,951 2,952
adj. R 0.308 0.303
City FE Yes Yes
Vear FE Yes Yes

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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(1)

Assuming the BRI
was implemented in

Assuming the BRI
was implemented in

2011 2012
PM2.5 PM2.5
BRI falsified | ~0.0188 ~0.00569
(-052) (-0.17)
Fixedasset | ~00805 00792
investment
(-128) (-123)
Human capital | ~0.000144 | 0000141
(-095) (-096)
Employment | ~0.00146* -0.00147*
(-2.04) (-2.04)
Secondary ~0.00202 ~0.00201
(-1.04) | (100
Tertiary 00000215+ 0.0000244*
(1.93) (1.93)
Income 00625 00605
(-095) (-0.95)
Technology o 0171
(-3.14) (-3.15)
Intervention | 0.000391 0.000386
(1.29) (1.29)
= sz 5,693+
(9.07) 9.07)
N s 3,201
adj. R 0347 Lo
City FE Yes Yes
Year FE Yes Yes

¢ values in brackets. *, **, *** indicate significance levels of 109, 5%, and 1%, respectively.
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(1) @)

Difference GMM System GMM

PM2.5 PM2.5
LPM25 0420+ Loz
(2256) (57.18)
B ~0.128% 0102
(-14.19) (-9.97)
Fixed asset investment | ~0.0111 00246
(-1.04) (208)
Human capital 00000335 0000569+
027) (3.93)
I Employment 000150 000314+
(-2.57) (-4.67)
7 Secondary ~0.00615*+* ~0.00475*+*
(-9.94) (-6.97)
Tertiary 0.0000487 00000504
(152) (1.33)
Income 00670+ 000740
(3.26) (-0.32)
Technology ot 00662
(-8.58) (-446)
Intervention 0000200 0000235+
(1.99) (11
_cons 2907 | 1sszee
(24.64) (13.74)
N 2,950 3012
Wald 1763.25 5140.07
City FE [ ves Yes
Year FE Yes Yes

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.





OPS/images/fenvs-13-1443405/inline_7.gif





OPS/images/fenvs-12-1452791/fenvs-12-1452791-t007.jpg
w 0256+
(3.60)
BRI 01580
(-3.70)
Fixed asset investment 00338 0,300
(038) (3.10)
Human capital ~0.000235 0.000126
(~0.46) (0.17)
Employment 000490 0.00161
(297) (0.50)
Secondary 000707 ~0.00540
(-324) | (-131)
Tertiary 0.0000786* 0.000203+*
(220) | (3.84)
Income 0135 -0285
(1.00) (-1.15)
Technology | o0s ~0.157
(-1.15) (-1.46)
Intervention 0000638 ~0.000873
(0.73) (-0.63)
_cons 0123 4430
(017) (4.44)
N 3281 321
adj. R 0405 0292
City FE Yes Yes
Year FE Yes Yes

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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)

Radius matching

(2)

Kernel density matching

3)

Nearest neighbor matching

PM2.5 PM2.5 PM2.5
BRI 0390 ~0392% 0407+
(-3.29) (-331) (-3.42)
Fixed asset investment 0319+ 0295+ 0299+
(3.60) | 639) | 639
Human capital 000138 0000942 0.000424
(2.04) [ (141) | (0.68)
Employment 00119 ~0.00586 000442
(-321) | c1e9) =)
Secondary 000337 000310 000234
| (1.25) (1.10) | (0.83)
» Tertiary 0000130 0000103+ 0.000104**
(3.18) [ (233) | (2.39)
Income 0493+ 0539 0513+
(-2.60) [ (-2.90) | (-2.78)
Technology 00978 ~0.0567 ~0.0450
(-1.07) [ (-0.63) | (-0.50)
Intervention ~0.00210* ~0.00205* ~0.00212*
(-1.94) (-1.89) (-1.92)
_cons 4621 4,689 4495
(4.87) (5.00) | (4.92)
N 3,186 300 3212
adj. R 0333 Losm 0314
k City FE Yes Yes Yes
Year FE [ es yes | ves

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.






OPS/images/fenvs-13-1443405/inline_5.gif
A Max





OPS/images/fenvs-12-1452791/fenvs-12-1452791-t005.jpg
Unmatched matched Mean %Bias %Reduct

|bias|
Treated Control

Fixed asset investment u 7.804 7.388 0416 1679 857 0,000
M 7.608 7.584 0024 ots | oess
Human capital u 55.29 53.97 132 641 455 0.000
M 5472 5454 018 | e
r Employment u 12.141 e 054 3.03 o5 | oo
M 12.345 2477 0132 065 | oss
Secondary u 50264 46542 3722 207 648 0.000
M wos | am 1244 013 | oser
Tertiary U 38.026 41848 -3822 467 -5.02 0,000
M 39.613 40261 0648 Ay | om
Income U 5258 5.754 | —oas6 361 I 0,000
[ M s 5.558 o 03| o7
‘7Technology 1 U  aaw  son  oen 097 o5 | oo
M 7522 [ 7.866 ~0344 o6 | oss
 Intervention u e | e | s 288 e 0,000
M 22.105 089 | 15t 01| oser
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(1)

PM2.5
key_provinces x befores 00355
(0.29)
key_provinces x befored 0.0450
(0.36)
key_provinces x before3 0.0204
(0.39)
key_provinces x before2 00488
(0.12)
| key_provinces x beforel 0.0445
(0.10)
key_provinces  afterl 00522
(-2.18)
key_provinces x after2 ~00816*
(-2.44)
key_provinces  after3 -00736*
(-236)
key_provinces  afterd 00621
(-222)
key_provinces  after5 00543+
(-2.11)
Fixed asset investment 00730
(-1.12)
Human capital ~0.000111
(~0.98)
Employment 000164
(-217)
Secondary 000194
(-1.02)
Tertiary 0.0000235
(1.49)
Income 00676
(-1.08)
Technology 0168
(-329)
Intervention 0.000357
(1.33)
_cons 5,663+
(9.56)
N 3221
adj. B 0348
Gity FE Yes
Year FE Yes

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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BRI | 05290 0407+
(-3.69) (-3.42)
Fixed asset investment 0299+
(3.38)
Human capital 0000424
| (0.68)
Employment -0.00442
| (-1.38)
' Secondary 000234
(0.83)
Tertiary 0.000104*
(2.39)
Income 05130
(-2.78)
Technology o050
| (-0.50)
Intervention 000212
‘ (-1.92)
[P 3.566* 4495
| (39.79) (4.92)
N som 3221
adj. R L o1t0 0314
City FE [ ves Yes
Year FE Yes Yes

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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Variables

PM25 3,221 3512 0510 | 1543 4471
Fixed asset 3,281 7596 10560 4629 10722
investment
Human capital 3,281 54630 | 80.369 5490 986870
Employment 3,281 12411 | 11772 0260 | 147310
Secondary 3,281 48403 | 10616 0000 90970
Tertiary 3,281 39937 72216 0000 = 4139

7 Income 3,281 5506 0351 | 3.360 | 7.580
Technology 3,281 7.694 0810 4120 10920
Intervention 3,281 21332 22822 1540 604060
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\EUELICH Denotation efinition and calculation method

Explained variable PM25 Logarithm of annual average PM2.5 levels of each prefecture-level cities

Main explanatory variable | Key provinces Equals 1 if a prefecture-level city is in a key province, and otherwise, 0
Post Before or after the initiation: post equals 0 before 2014 and 1 after 2014

Control variables Fixed asset investment | Log value of regional fixed asset investment
Human capital Number of students in general higher education
Employment Urban employment: proportion of employees in an urban area to the region’s total population
Secondary ‘The secondary industry: output value of the secondary industry accounts for the proportion of regional GDP
Tertiary | The tertiary industry: output value of the tertiary industry accounts for the proportion of regional GDP
Income Average income per capita: log value of per capita real wage in a prefecture-level city
Technology Government spending on science and technology as a percentage of regional GDP

Intervention Government intervention: proportion of government budget expenditures to regional GDP
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(1)

GTFP

PM25 ~0.00309***
(-3.11)

BRI 00139
(2.67)

PM25 x BRI ~0.00416*
(-1.71)

Fixed asset investment ~0.00148
(-1.16)

Human capital 0.000000372
(0.10)

Employment ~0.0000498
(-132)

Secondary ~0.0000270
(-0.60)

Tertiary 0.00000421%
(6.36)

Income 0.00352
(1.47)

Technology 0000723
(0.47)

Intervention 0.0000227
(0:63)

_cons 0,988+
(91.75)

N 3221

adj. R on

City FE Yes

Year FE Yes

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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(1) ()

High Low
marketization marketization
PM2.5 PM2.5
BRI 0300 0500
(=231 | (-4.38)
Fixed Asset 0380+ 0314
Investment
(4.06) (2.66)
Human Capital 0.00143 [ 0.000286
(0.87) (0.48)
Employment ~0.0174% -0.00227
(201 (-0.94)
' Secondary 0.00117 [ 000725
(038) (0.65)
Tertiary 0.000165** 000183
(3.34) (0.17)
Income -0.352 0571
(~150) (-212)
Technology -0.191% -00176
| (-212) (-0.12)
Intervention ~0.00239* ~0.00556
(-199) [ (-151)
_cons 4338 4162
(3.62) (4.12)
N | 1,616 1,605
adj. R 0304 0355
City FE | Yes Yes
Year FE Yes Yes
2 test 0200+

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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) ()]

High administrative = Low administrative

level level
PM2.5 PM2.5
BRI ~0271% 0398+
(-255) (-322)
Fixed asset 0211 0284+
investment
21 (2.43)
Human capital ~0.000431 0.00200
(-1.09) (0.94)
Employment ~0.00468 ~0.00923
(-145) (-147)
Secondary 00137 0.00380
(0.60) (1.23)
Tertiary 00198 0000111
(0.82) (2.31)
Income 0195 0542+
(0.60) (-2.86)
Technology 00450 00948
(-033) (-1.04)
Intervention ~0.00588 ~000197*
(-039) (-1.85)
= 00358 5000
(0.02) (4.57)
N | 28 2,993
adj. R | 0365 0310
City FE | Yes | Yes
Year FE Yes Yes
x | 0.127*

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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(2)

Central and western

PM2.5
BRI 0289+ 0467
(-439) (272
Fixed asset investment 0348+ 0263
(4.43) (2.00)
Human capital 0.000643 0.000886
(1.00) (0.98)
Employment ~0.00317 00143+
(-133) (-3.11)
Secondary 000706 000137
(1.27) (027)
7 Tertiary 0.0000545 ~0.00491 |
(1.16) (-0.85)
Income 0263 ~0.602*
(-156) (-1.84)
| Technology ~0.190* ~0.0876
(-191) (-0.75)
Intervention 000157 ~0.00209*
(0.81) (-2.22)
_cons 3,690 5697
(3.40) (4.46) |
N 1,306 1915
adj. R 0457 0299
I City FE Yes Yes
Year FE Yes Yes
| © 0178

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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1)

(2)

Silk Road Economic Belt

(4)

ry Maritime Silk Road

PM2.5 PM2.5
BRI ~0.123* -0.123* ~0.0137 000216
(-1.90) (-1.88) (-045) (-0.06)
Fixed asset investment 0101 00973 ~0.0785 ~00178
(-152) (-1.40) (-117) | oz
Human capital 00000943 ~0.000111 ~0.000135 0.000186
' (096) (-1.04) (-090) )
Employment ~000127* -0.00125* ~0.00148* ~0.00105***
(-2.10) (-1.99) (-2.16) | (Caa0)
Secondary ~000121 -0.00127 ~0.00198 0.000676
| | or) (-0.80) (-1.02) o)
» Tertiary | oo0oo1s2 00000185 0.0000243* 0.00143
(1.39) (1.39) (1.95) | (0.93)
Income ~00510 00518 ~0.0595 ~00795
(-089) (-090) (-097) )
Technology ~0.126"% 0125 0,170 00246
‘ (=331 (=3.30) [ (-3.02) | (-1.24)
Intervention 0000244 0000250 0.000380 0000222
(0.96) (0.98) (123) (-121)
_cons 5426+ 5416 56720 4377
(9:20) (8.86) (8.56) | 9.47)
N o 20 3221 2500
adj. R 0349 0348 0347 0354
k City FE Yes Yes Yes Yes
Year FE | ves Yes Yes [ ves

t values in brackets. *, **, *** indicate significance levels of 10%, 5%, and 1%, respectively.
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BRI 0410 0391
(-338) 1 (-3.06)
TO ~0.00238*
(-239)
BRIX TO ~0.000548*
(-212)
150 2006
(-2.15)
BRI x 150 0349
| [ (-2.23)
Fixed asset investment 0303+ 02710
(352) [ (3.14)
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Note: Column (1) and (3) shows the results of the spatial effects test under spatial adjacency matrix. Columns (3) and (4) shows the results of the spatial effects test under geographic distance
mstix: Closbiing sobust standand soroes s { " < D1 s 008 -« 0.





OPS/images/fenvs-12-1432534/fenvs-12-1432534-t007.jpg
Vintages

201
2012
203
204
205
2016
207
2018

2019

W1 - spatial

neighbourhood

Moran’ |
0084
0149
0097
0078
0152
0169
0329
032

0280

002

0000

oo

oon

0000

0000

0000

0000

0000

W2 - geographical

distance

Moran’ |
o017
0025
o012
o016
0038
0036
0083
0055

0055

0001

0000

o014

0003

0000

0000

0000

0000

0000

WL - spatial
neighbourhood

Moran’ |
00%0
0086
o123
0080
0091
0087
0093
0094

0092

0009

oont

0000

o019

0008

ooz

0008

0008

0008

W2 - geographical

Moran’ |
o001
oo
0o
oo
002
002
o5
o005

0025

distance

0000

0000

0000

0000

0000

0000

0000

0000

0000





OPS/images/fenvs-12-1432534/fenvs-12-1432534-t006.jpg
Variant Full sample Nonresource-based cities Robustness check

2)
TFCP
NI (EC < 5.213) 10,643+ (1.118)
NI (5213<EC < 6.059) 3,888 (0.462)
NI (EC > 6.059) 03547 (0.077)
NI (EC < 5.689) 9.036"* (0.809)
NI (5.689<EC < 6.900) 1.782: (0.225)
NI (EC > 6.900) 0.277** (0.083)
NI (EC < 4.895) 13.819% (1.097)
NI (4.895<EC < 6.059) 4474 (0.527)
NI (EC > 6.059) 0346 (0.077)
NI2 (EC < 5.213) 14391+ (2336)
NI2 (5213<EC < 6059) 5,570 (0.745)
NI (EC > 6.059) s (0080)
Control yes Yes yes yes
» Constant ~0.289 (0.206) 0441 0.271) C Lomvean 018 0200
Observations 2,520 1,539 2,520 2,520
IS 0461 0.501 0470 0433

Note: Column (1) and (2) shows the threshold regression results of full sample and nonresource-based cities. Columns (3) and (4) shows the robustness test results of replacing explained
variables(TFCP,) and explanatory variable(N1,). Clustering robust standard errors in ( ), ***p < 0.01, **p < 0.05, *p < 0.1.
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Note: Column (1) shows the regression results of the explanatory variable expands dimensions (TFCP,). Columns (2) shows the regression results of replacing explanatory variable evaluation
methods (NI,). Columns (3) and (4) shows the regression results of excluding directly governed cities and excluding coastal cties. Clustering robust standard errors in (),***p < 0.01, **p < 0.05,
0 <0.1.
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Note: Column (1) shows the benchmark regression results of NI, on TECP, without addition of the control variable., and column (2) adds control variables. Columns (3) and (4) show regression
test of agged first and second order of NI, as instrumental variables. Columns (5) shows the regression resuls of two stage least square(2SLS). Clustering robustt standard errors in (), **'p <
0.01, **p < 0.05, *p < 0.1, P-values in [ ]. Endogeneity instrumental variable test using Kleibergen-Paap rk LM, statistic, Kleibergen-Paap rk Wald F statistic and Hansen ] statistic to test for
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intervention
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