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Abstract

:

China’s digital economy has been expanding rapidly in the past decade. This expansion is having a profound impact on the country’s economy. Using panel data on 97 prefecture-level cities in the Yellow River Basin from 2011 to 2020, this study investigates the multifaceted relationship between the digital economy and total-factor carbon emission efficiency. The research yields three key findings: (1) The digital economy positively enhances overall carbon emission efficiency. This conclusion is drawn with robustness tests. (2) Green technology innovation serves as a partial mediator between the digital economy and total-factor carbon emission efficiency, and this mediation role is influenced by government intervention, which negatively moderates the relationship between the digital economy and green technology innovation but positively impacts the mediation role of green technology innovation between the digital economy and total-factor carbon emission efficiency. (3) The positive impact of the digital economy on total-factor carbon emission efficiency is more significant in the upper reaches, lower reaches, and resource-based cities of the Yellow River Basin. These findings provide new perspectives and empirical evidence for better understanding the relationship between digital economy development and total-factor carbon emission efficiency. They also provide policy recommendations for achieving strategic objectives, including digital economy development, carbon emission reduction, carbon peaking, and carbon neutrality.
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1. Introduction


In recent years, climate change caused by massive emissions of greenhouse gases has attracted widespread attention from countries around the world and from all sectors of society, and it has become the focus of discussion by researchers. According to the International Energy Agency (IEA), China’s carbon emissions reached an alarming 10.523 billion tons in 2021, making it the world’s largest carbon emitter. This highlights the seriousness of the emission reduction challenges [1]. Accordingly, China has committed to “strive for carbon peak by 2030 and carbon neutrality by 2060”.



The Yellow River Basin (YRB), commonly hailed as the mother river of China, spans China’s western, central, and eastern regions, covering an expansive drainage area of 767,000 km2 [2]. In the year 2020, the combined population of the nine provinces and autonomous regions along the Yellow River reached approximately 405.96 million people, constituting 28.75% of the total national population. The collective regional gross domestic product (GDP) amounted to around 24.685 trillion yuan, contributing to 24.35% of the nation’s overall economic output. Recognized for its abundant natural resources, such as coal, oil, and natural gas, the basin holds strategic importance in China’s resource portfolio. Beyond its role as a vital ecological barrier in Northern China, the YRB functions as one of China’s indispensable energy bases, ecological safeguards, and economic development zones [3]. However, this region is known for its high pollution and high emissions, and the contradiction between ecological conservation and economic and social development is very prominent [4]. This dilemma demands immediate attention. At present, ecological protection and high-quality development in the Yellow River Basin are national strategies. Therefore, the questions of how to break the resource and environmental constraints in the region, improve carbon emission efficiency, and promote carbon emission reduction have become major issues that need to be solved urgently [5].



At the same time, as network information technology continues to innovate, digital economy has developed rapidly due to its high penetration, scale, and network effects. It is becoming an unstoppable global trend, significantly influencing a country’s competitiveness [6]. In March 2021, China’s State Council released the “14th Five-Year Plan for Digital Economy Development”, emphasizing the need to vigorously promote the industrialization of digital sectors and the digitization of traditional industries, establish internationally competitive digital industry clusters, accelerate the development of the modern service sector, facilitate a deeper integration of online and offline activities, and expedite the construction of new infrastructure. According to the China Academy of Information and Communications Technology, China’s digital economy reached 50.2 trillion yuan in 2022, marking a yearly growth rate of 10.32 percent [7]. This upward trajectory underscores the increasing role of digital economy in supporting the nation’s economy. It also highlights its growing integration into all facets of society, presenting great opportunities for more sustainable and low-carbon economic development. China’s development strategy sees that digital economy serves as a vital avenue for fostering high-quality economic growth and realizing the “dual-carbon” goal during the “14th Five-Year Plan” period. Furthermore, digital economy facilitates the transformation and upgrading of traditional sectors, the nurturing of emerging industries, the expansion of new consumer demands, and the advancement of new infrastructure. At the industry level, the digital economy promotes low-carbon development by driving the transformation and modernization of traditional industries, fostering new sectors, expanding consumer demand, and spurring the development of new infrastructure [8,9]. To individuals, the digital economy can also help reduce carbon emissions by impacting people’s lifestyle choices, for example, by using shared mobility and smart transportation based on digital technology [10].



There are many existing studies that have studied the relationship between the digital economy and carbon emissions [11,12]. The majority of these studies are focused on empirical analyses at the provincial city level in China [13,14]. There is a noticeable scarcity of studies that have studied the logical relationship between digital economy and total-factor carbon emission efficiency. The spatiotemporal evolution patterns of the two subjects and the regional heterogeneity of the impact of the digital economy on carbon emission reduction have not been fully considered.



Based on a systematic assessment of the development level of the digital economy and total-factor carbon emission efficiency, this paper investigates the mechanisms through which the digital economy influences total-factor carbon emission efficiency. The objective is to enhance the understanding of the relationship between the digital economy and total-factor carbon emission efficiency. It aims to provide theoretical contributions and policy recommendations for ecological environmental protection and the high-quality development of the Yellow River Basin.



The contributions of this paper are threefold. Firstly, this study provides a fresh perspective for examining the relationship between the digital economy and carbon emission efficiency by examining this relationship through the lens of total-factor carbon emission efficiency, in contrast to previous studies, which have been mainly focused on the impact of the digital economy on carbon emission intensity. Therefore, it supplements the existing body of knowledge in this area. Secondly, this study focuses on 97 prefecture-level cities within the Yellow River Basin, whereas previous studies have been mainly centered on the provincial city level. Therefore, it broadens the scope of investigation into the relationship between digital economy and total-factor carbon emission efficiency. Moreover, this study takes spatial variability into consideration for data analysis, thereby contributing to the understanding of regional heterogeneity within the Yellow River Basin. Thirdly, this study employs the non-radial directional distance function (NDDF) model, which accounts for non-radial directional distance functions when evaluating all-factor carbon emission efficiency, thereby complementing the measurement methodology for carbon emission efficiency.



The remainder of this paper is organized as follows. Section 2 is a review of the relevant literature, and Section 3 narrates the theoretical assumptions of this study. Section 4 describes the methodology, variables, and data, while Section 5 reports the estimation results and contains discussion on the results. Section 6 highlights the research findings and contributions.




2. Literature Review


2.1. Total-Factor Carbon Emission Efficiency


Scholars have conducted extensive research on measurement methods for total-factor carbon emission efficiency and its influencing factors. A review of existing studies shows that scholars predominantly employ techniques such as stochastic frontier analysis (SFA) [15,16], Data Envelopment Analysis (DEA) [17], the non-radial distance function [18], and super-efficiency SBM model [19,20] to measure total-factor carbon emission efficiency. When examining the socio-economic factors influencing carbon emission efficiency, scholars typically employ empirical models such as dynamic spatial panel models [21], a panel threshold–STIRPAT model [22], a fixed effect model [23], or a threshold regression model [24]. These investigations primarily center around factors related to industrial structure upgrading, technological advancement, energy efficiency, green finance, and environmental regulation. Specifically, industrial structure upgrading, technological progress, improved energy efficiency, and enhanced access to green finance are identified as drivers that positively impact total-factor carbon emission efficiency. However, the effect of environmental regulation on carbon emission efficiency is twofold. On one hand, the “green paradox” perspective argues that positive environmental regulation policies may inadvertently lead to increased carbon emissions and reduced carbon emission efficiency. On the other hand, environmental regulation can induce a reverse emission reduction effect through technological innovation, thereby improving carbon emission efficiency [25].




2.2. Digital Economy


The digital economy, as a burgeoning economic paradigm, has been the subject of research in recent years. Scholars have primarily focused their investigations on unraveling the economic advantages of digital economy. The inception of the term “digital economy” is credited to [26], who described it as an economic system heavily reliant on information and communication technologies. As research has evolved, the spotlight has gradually shifted towards elucidating the economic functions of digital technology and its transformative impact on production relations. Ref. [27] asserts that digital economy represents a novel economic structure rooted in next-generation information technologies such as the Internet and the Internet of Things. This framework hinges on data resources as pivotal production factors, utilizes information networks as crucial conduits, and is driven by digital technological innovation to foster a more profound amalgamation of equity and efficiency. Regarding the economic benefits of the digital economy, from a macro perspective, it catalyzes high-quality economic development by enhancing input factors, optimizing resource allocation efficiency, and boosting total-factor productivity [8,28]. The digital technology seamlessly integrates with various industries, effectuating the digitization of industrial systems and the industrialization of digital technology. This synergy continually begets novel industries and technologies [29], ushering in fresh business models and paradigms. From a micro perspective, the digital economy wields a dual impact. On the one hand, digital consumption greatly amplifies interaction between supply and demand, mitigates information asymmetry, anticipates consumer decision-making behavior, and reshapes consumer preferences [30]. On the other hand, an Internet-centric digital economy significantly enhances enterprise performance, ignites innovation within enterprises [31], propels enterprise digital transformations [32], and expedites the realization of economies of scale and scope.




2.3. Impact of the Digital Economy on Carbon Emission Efficiency


With the increasing severity of environmental issues, scholars have started paying attention to the environmental impact of the digital economy. Nonetheless, the academic community has not yet reached a consensus regarding the effects that the digital economy has on carbon emission reduction. Some scholars posit a positive correlation between the digital economy and overall carbon emission efficiency. Ref. [33] contends that digital economy notably curbs carbon emissions through the upgrading of industrial structures. The enhancement of energy efficiency also serves as one of the avenues for carbon emission reduction. Conversely, some other scholars emphasize the potential adverse relationship between the digital economy and overall carbon emission efficiency. The advancement of digital technologies can escalate energy demand, with the energy consumption of the IT industry and the inputs required for energy-intensive products playing a substantial role in carbon emissions [34,35]. Therefore, the connection between the digital economy and overall carbon emission efficiency remains uncertain and not straightforward; for example, ref. [12] found that digital economy exhibited an inverted U-shaped relationship with carbon emissions, implying that digital economy initially increases and subsequently reduces carbon emissions.



In summary, a review of existing research on the digital economy and total-factor carbon emission efficiency shows an insufficient theoretical explanation as to how the digital economy affects carbon emissions. Furthermore, there are few studies on the intrinsic mechanism of the digital economy on carbon emissions. Bearing this in mind, this paper adopts the double fixed effect model, the mediating effect model, and the moderated mediating effect model and integrates digital economy, total-factor carbon emission efficiency, green technology innovation, and government intervention into a unified framework to analyze the carbon emission reduction effect of digital economy and its regional heterogeneity. Multiple methods are used to test robustness, which is detailed and discussed in Section 4. Therefore, this paper provides more powerful empirical evidence and adds to the existing literature on the topic.





3. Theoretical Hypotheses


3.1. Direct Impact of Digital Economy on Total-Factor Carbon Emission Efficiency


The digital economy is a new form of economic development with data resources as the key production factor, digital technology innovation as the core driving force, and digital platforms such as modern information networks and digital infrastructure as important carriers [36]. From a macro perspective, the digital economy relies on the deep integration of digital technologies such as “Internet +”, big data, cloud computing, and artificial intelligence with industries, changing the previous extensive economic growth model with high energy consumption and high emissions and promoting the digitalization and intelligent transformation of traditional industries [37]. The application of “Metcalfe’s Law” in the digital network realm has led to widespread use of digital technology in key sectors with high carbon emissions, such as power, energy, manufacturing, transportation, construction, and environmental monitoring [38,39]. This has significantly reduced costs, improved profitability, and lowered energy consumption in these fields, thereby improving total-factor carbon emission efficiency [40]. Furthermore, the digital economy has facilitated the adoption of clean and renewable energy sources, such as wind and solar energy, shifting away from heavy reliance on biomass energy and high-carbon fossil fuels. This transition has empowered the move towards a low-carbon economy [41,42]. From a micro perspective, the digital economy has reshaped industries. On the one hand, it has enabled enterprises to gain competitive advantages by transforming their products, creating new value, and establishing a digital presence [43], thereby optimizing input factor allocation. On the other hand, through intelligent data management and monitoring, the digital economy has optimized production processes, reducing energy consumption and carbon emissions and thus improving total-factor carbon emission efficiency [44]. Additionally, digital technologies like cloud computing and big data have enabled demand forecasting, altering consumption patterns and expanding the market scale [45]. New digital economy models, such as paperless communication, online work and education, and live streaming, have reduced unnecessary logistics and commuting, curbing energy consumption and enhancing total-factor carbon emission efficiency [46]. Therefore, this paper posits the following hypothesis:



Hypothesis 1 (H1).

The digital economy enhances total-factor carbon emission efficiency.






3.2. Indirect Effects of the Digital Economy on Total-Factor Carbon Efficiency


Technological innovation plays a pivotal role in fostering long-term, sustainable economic growth. It accelerates the transition of the traditional economy towards a low-carbon economy, with green technological innovation being a key component characterized by knowledge-friendly and environmentally friendly externalities. The digital economy’s characteristics have broken barriers between different innovation fields, encouraging diversification among innovation subjects [47]. Digital platforms specializing in industry–university–research collaboration have attracted various stakeholders, facilitating collaboration and knowledge-sharing, ultimately promoting technological innovation and green industry development [48]. From the perspective of innovation efficiency, green technology innovation requires a large amount of human and material resources and capital investment in its early stages and may not be widely used in practice due to the high initial R&D costs [49]. Moreover, digital technologies, like the Internet, big data, and cloud computing, carry rich external knowledge and information. The application of these technologies allows companies to swiftly access, integrate, and efficiently utilize external information, transitioning from closed innovation to open innovation. This accordingly enhances research and development efficiency in green technological innovation [50].



On the other hand, the digital economy serves as the pivotal driving force behind green technological innovation, a highly effective approach to enhancing the efficiency of total-factor carbon emissions. Firstly, green technology innovation consistently nurtures novel technologies, encompassing areas like carbon capture and storage, air quality management, water pollution control, and end-of-pipe management innovations [51]. These advancements are instrumental in augmenting the overall efficiency of total-factor carbon emissions. Secondly, the widespread application of green technology innovation in enterprises enables them to provide more and better green products and more convenient green services to society. This, in turn, meets the demand of residents for a healthier ecological environment, amplifies their inclination towards consuming environmentally friendly products, and encourages a greater number of people to embrace a green lifestyle. The expansion of green enterprises’ production scale, coupled with the optimization of the supply chain and value chain of traditional industries, forces the transformation and upgrading of high-energy-consuming and high-emission sectors. This systematic shift paves the way for the establishment of scale effects in green industries. In the long run, this approach would significantly reduce carbon emissions and improve the overall efficiency of total-factor carbon emissions [49]. Accordingly, this paper proposes following hypothesis:



Hypothesis 2 (H2).

The digital economy improves the efficiency of total-factor carbon emissions through its facilitation of green technology innovation.






3.3. The Moderating Role of Government Intervention


3.3.1. Digital Economy, Green Technology Innovation, and Government Intervention


Government intervention is frequently utilized as a tool for regulating or guiding markets in order to enhance economic performance and social welfare [52]. However, when government intervention reaches a certain degree, it can have adverse effects on the digital economy. This government intervention in the economic model necessitates significant capital investments and is marked by uncertainty. The current promotion systems for government officials in China encourage local officials to favor traditional energy-intensive industries with established technologies, shorter business cycles, and higher short-term returns for the sake of their position promotion, which closely relates to maximizing economic growth benefits [53]. However, such practices will ultimately obstruct the progress of the digital economy. Furthermore, a high degree of government intervention often leads to an increase in public expenditures on research and development (R&D) [54]. This, in turn, intensifies competition for innovation resources and encourages rent-seeking behavior among innovation actors [55]. As a result, the rise of social R&D creates a crowding-out effect on the digital technology industry [56]. This consequently leads to a decline in innovation capacity [57]. Dysfunctional competition also hinders the diffusion of new technologies, causing a lock-in effect on knowledge spillovers [58]. China’s digital economy is still in its early stages and faces many practical challenges, one of which is government intervention. Government intervention could impede the positive impact of the digital economy on green technology innovation. Therefore, this paper posits following hypothesis:



Hypothesis 3 (H3).

Government intervention plays a negative moderating role in the influence of the digital economy on green technology innovation.






3.3.2. Green Technology Innovation, Total-Factor Carbon Efficiency and Government Intervention


Government intervention plays a crucial role not only in regulating the relationship between the digital economy and green technological innovation but also in influencing the connection between green technological innovation and overall carbon emission efficiency. On one hand, as government intervention deepens in response to the escalating environmental challenges and regulatory demands, the performance evaluation of government officials has shifted from a sole focus on “GDP growth” to “effective environmental governance”. Accordingly, local governments now favor high-quality environmental factors more [59]. This shift serves as a driver for green technological innovation among enterprises. Increased government intervention and environmental regulation provide a conducive environment for technological innovation within businesses. This, in turn, leads to a mutually beneficial outcome characterized by improved financial performance and environmental sustainability. On the other hand, government intervention encourages enterprises to facilitate the transition from high-pollution, high-emission, and labor-intensive industries to green and knowledge- and technology-intensive sectors. This transformation is achieved through the optimal allocation of resources within the region [59]. As a result, this approach enhances the overall efficiency of total-factor carbon emissions. Therefore, government intervention empowers enterprises to drive the green transformation of the economy and enhance the overall carbon emission efficiency of a city by concentrating resources effectively. Accordingly, this paper proposes the following hypothesis:



Hypothesis 4 (H4).

Government intervention plays a positively moderating role in the influence of green technology innovation on total-factor carbon emission efficiency.





Based on the discussions above, the mechanism illustrating the relationship between the digital economy and total-factor carbon emission efficiency is depicted in Figure 1.






4. Methodology, Variables, and Data


To verify the research hypotheses, this study proceeds with empirical testing as follows (Figure 1). Firstly, we construct the models, which primarily consist of the baseline regression model, the mediation effect model, and the moderation effect model. Secondly, we gather data, including indicators for the digital economy and carbon emission efficiency, as well as data on influencing factors. Thirdly, we conduct a results analysis, which encompasses spatiotemporal characteristics, baseline regression findings, robustness checks, heterogeneity analysis, mediation effects, and moderation effects analysis. As shown in Figure 2 below.



4.1. Model Construction


4.1.1. Benchmark Regression Model


A double fixed-effects model is established to empirically examine the impact of digital economy development on total-factor carbon emission efficiency. The baseline model is structured as follows:


    tcpi it  =  α 0    +   α   1      dige it  +   α   2     Control   it   +   u   i   +   δ   t   +   ε   it    .  



(1)




where i and t represent city and time, respectively.     t c p i   i t     denotes total-factor carbon emission efficiency,     d i g e   i t     signifies the level of the digital economy,     C o n t r o l   i t     encompasses a set of control variables, and     α   0    ,     α   1   , a n d     α   2     are the coefficients subject to estimation. ui, δt, εit. denote the individual effects, time effects, and random disturbance terms, respectively.




4.1.2. Mediation Effect Model


According to previous discussions on transmission mechanisms, the digital economy may have an impact on the efficiency of total-factor carbon emissions through green technology innovation. To test whether the factors identified above can act as mediating variables, a mediation effect model is formulated as follows:





     M it  =  β 0    +    β 1   dige it  +    β 2   Control it  +  u i  +  δ t  +  ε it     



(2)









    tcpi it  =   γ   0     +    γ 1   dige it  +    γ 2   M it  +  γ 3    Control it  +  u i  +  δ t  +  ε it   



(3)




where     M   i t     represents the intermediary variable, which is green innovation, while the other variables remain consistent with Equation (1). First, if     β   1     is statistically significant, this indicates that there is a significant mediation effect; otherwise, the mediation effect is not significant. Second, if     γ   1     and     γ   2     are both statistically significant, a partial mediating effect is revealed; if     γ   2     is statistically significant but     γ   1     is not, a complete mediating effect is confirmed.




4.1.3. Moderated Mediation Effect Model


In order to further reveal the impact of the role of digital economy on total-factor carbon emissions under different levels of government intervention, this paper follows ref. [60] and constructs the mediation model with regulation as such:


    tcpi it  =  α 0    +   α   1      dige it  +   α   2      gov it  +   α   3    gov it  ×  dige it  +  Control it  +   u i  +  δ t  +  ε it   



(4)






   M it  =  β 0  +  β 1   dige it  +  β 2   gov it  +   β   3    gov it  ×  dige it  + γ  Control it  +  u i  +  δ t  +  ε it   



(5)






    tcpi it  =  π 0    +   π   1      dieg it  +   π   2      M it  +   π   3      gov it  +   π   4     g o v   i t   × i n o v i t   + γ   Control it  +  u i  +  δ t  +  ε it   



(6)




where Mit signifies the intermediary variable, which represents green innovation, and govit serves as the moderating variable for government intervention, while the other variables maintain consistent with Equation (1). The first step is to test the coefficients     α   1     and     α   3     of the regression Equation (4). If     α   3     is significant, the direct effect is adjusted; otherwise, the direct effect is not adjusted. The second step is to examine the adjusting path by testing the significance of any set of (β1 and     π   4    , adjusting the posterior path), (    β   3     a n d     π   2   ,   adjusting the front half of the path), or (    β   3     and     π   4    , adjusting the anterior and posterior paths).





4.2. Variables


4.2.1. Total-Factor Carbon Emission Efficiency


	(1)

	
Measurement of Total-Factor Carbon Emission Efficiency







A Data Envelopment Analysis (DEA) model based on a non-radial directional distance function is employed in this study to conduct a comprehensive investigation into the interplay roles among inputs, desired outputs, and non-desired outputs. Building on the work of refs. [61,62,63], the total-factor carbon emission efficiency index is defined as the ratio of the potential target carbon intensity to the actual carbon intensity. This relationship is expressed by using the following formula:


   TCPI =   ( C −   β   c   C ) / ( Y +   β   Y   Y )   C / Y     =   1 −   β   c     1 +   β   Y       



(7)




where C represents carbon emissions; Y denotes the desired output (GDP); and carbon intensity C/Y signifies the carbon emissions per unit of GDP.     β   c     and     β   Y     are calculated by the non-radial direction distance function (NDDF).



Notably, TCPI falls within the range of 0 to 1, with a higher value of TCPI indicating a more superior carbon emission performance. If TCPI equals 1, it signifies that the observation lies on the frontier, denoting the best possible carbon emission performance.



With regard to the NDDF, ref. [61] introduced the following definition of the NDDF, which takes undesirable outputs into account via the following:


     N D  →    ( x ,   y ,   b ; g ) = sup     w   T   β :     x , y , b   + g × d i a g ( β )   ∈ T ( x )     



(8)




where w =     (   ω   n   x   ,   ω   p   y   ,   ω   q   b   )   T     represents a vector of normalized weights associated with inputs and outputs, g = (    − g   x   ,   g   y   ,   − g   b    ) stands for the direction vector, and   β   =     (   β   n   x   ,   β   p   y   ,   β   q   b   )   T   ≥ 0   is the vector of scale factors. Combining environmental production technology and the definition of NDDF, the value of     N D  →   (x, y, b;g) can be measured by solving the following DEA model:


     N D  →    ( x ,   y ,   b ; g ) = max (   ω   n   x     β   n   x   +   ω   p   y     β   p   y   +   ω   q   b     β   q   b    )  



(9)






  s . t .         ∑  k = 1   K      λ   k     x   n k     ≤   x   n   −   β   n   x     g   x n   , n = 1,2 , ⋯ , N         ∑  k = 1   K      λ   k     y   p k     ≤   y   p   +   β   p   y     g   y p   , p = 1,2 , ⋯ , P         ∑  k = 1   K      λ   k     b   q k     =   b   q   +   β   q   b     g   b q   , q = 1,2 , ⋯ , Q         z   k   ≥ 0 , k = 1,2 , ⋯ K         β   n   x   ,   β   p   y   ,   β   q   b   ≥ 0        



(10)







If     N D  →   (x, y, b;g) = 0, it signifies that the evaluated decision unit lies on the optimal production frontier of the “g” vector, taking into account the slack variables. Furthermore, the NDDF offers the advantage of computing the inefficiency values for individual input factors and outputs (    β   n   x   ,   β   p   y   ,   β   q   b    ). By contrast, the radial DDF assigns identical inefficiency values to both input factors and outputs (  β  ), without distinguishing between the inefficiency values of input factors and outputs.



	(2)

	
Description of total-factor carbon emission efficiency indicators







Total-factor carbon efficiency (TCPI) is the result of a collective interplay involving capital, energy, and labor. In this analysis, the labor input is represented by the number of employees at the end of the year in each city. Capital stock is calculated using a perpetual inventory approach. The energy input encompasses various factors, including the consumption of natural gas, liquefied petroleum gas, and the total annual electricity consumption converted to standard coal. The output metrics comprise the desired output, typically GDP, and the non-desired output, specifically carbon dioxide (CO2) emissions. To compute CO2 emissions comprehensively, a reference is made to the methodology outlined by ref. [64]. The total carbon emissions of each city are obtained by summing the carbon emissions produced by the consumption of electric power, gas, liquefied petroleum gas, and thermal energy. A more detailed overview of the associated indicators is found in Table 1.




4.2.2. Development Level of the Digital Economy


Digital Economy Index (dige): Considering the data availability for cities at the prefecture level, we follow ref. [65] to measure the degree of digital economy development from the perspective of Internet development and digital finance. Internet development is assessed using four key indicators: Internet penetration, related workforce, related output, and cell phone penetration. These indicators encompass total telecommunication services per capita, the proportion of employees within the computer services and software industry relative to the total year-end employees, the number of Internet broadband access subscribers per 100 people, and the number of cell phone subscribers per 100 people, respectively. The evaluation of digital financial development relies on the Digital Inclusive Finance Index, derived from the Digital Inclusive Finance Index of prefecture-level cities, as compiled by the Digital Finance Research Center at Peking University.1 Subsequently, these indices are standardized and weighted using the entropy weight method to derive the Digital Economic Development Index. The detailed description is shown in Table 2.




4.2.3. Mediation Variable


Green technological innovation (inov): In this study, the measurement of green technological innovation draws upon the combined sum of green invention patent applications and green utility model patent applications, in accordance with the approach employed in the study of refs. [66,67]. To be specific, the data on green patent applications for each city is acquired by collecting comprehensive patent application information published by the State Intellectual Property Office (SIPO).2 Subsequently, the patent classification numbers for prefecture-level cities are matched with the green list provided by the World Intellectual Property Organization (WIPO) for international patent classifications.




4.2.4. Moderator Variable


Government intervention (gov): This study follows ref. [68] and measures government intervention using the ratio of local government fiscal expenditure to GDP. Government intervention could lead to two consequences. The first is that local governments prioritize traditional industries with higher return on investment for economic growth, which means higher energy consumption and carbon emissions. The second is that as the environment continues to deteriorate, local governments will incorporate environmental regulations into their assessment standards so as to achieve carbon emission reduction to a certain extent.




4.2.5. Control Variables


Acknowledging the multifaceted nature of factors influencing total-factor carbon emissions efficiency and following the approaches employed in the study of refs. [69,70], this study incorporates the following control variables into analysis in order to obtain more comprehensive results. ① Population size (lnpeo) takes the natural logarithm of the resident population to be employed as a measure. In general, the more populated the area is, the more developed the economy of the area is. It is likely to lead to higher carbon emissions. ② Industrial structure (industry) is represented by the ratio of the output value of the tertiary industry to that of the secondary industry. The secondary industry is mostly heavy industry, which consumes a great amount of energy, and its carbon emission intensity is much higher than that of the primary industry and tertiary industry. The tertiary industry is mostly the service industry, which produces lowers carbon emissions. ③ Employment density (ED) is calculated as the ratio of the number of employed individuals to the administrative district’s area. Employment density reflects the geographical agglomeration of labor and enterprises. An increase in agglomeration will lead to an increase in carbon emissions and environmental pollution. ④ Environmental regulation (ER) captures the regulatory aspect by considering three indicators: the rate of the harmless treatment of domestic garbage, the centralized treatment rate of sewage treatment plants, and the utilization rate of general industrial solid waste. A composite index is computed using the entropy weight method, consolidating these three indicators into a single measure. Generally, the higher the degree of environmental regulation is, the smoother carbon reduction works.





4.3. Data Sources


This study focuses on the 97 prefecture-level cities situated within the Yellow River Basin. The primary data sources include the China Urban Statistical Yearbook, China Energy Statistical Yearbook, China Carbon Emission Database, and the statistical yearbooks of each prefecture-level city. The Digital Financial Inclusion Index is sourced from the research conducted by the Digital Finance Research Center of Peking University.3 As the Digital Finance Research Center began to measure the Digital Financial Inclusion Index in 2011, the timeframe of this study spans from 2011 to 2020. In instances if a city has missing data for certain years, interpolation methods such as linear interpolation and the average value method are employed to replace the missing data. All indicators involving prices have been adjusted to constant 2007 prices. The descriptive statistics of the variables are summarized in Table 3.





5. Results and Discussion


5.1. Temporal and Spatial Evolution


To provide a more comprehensive depiction of the spatial and temporal evolution trends regarding the digital economy development level of the 97 prefecture-level cities within the Yellow River Basin, this study leveraged ArcGIS 10.7 software to generate maps to illustrate the spatial distribution of the Digital Economy Development Index and total-factor carbon emission efficiency for the years 2011, 2014, 2017, and 2020 (Figure 3).



	(1)

	
Temporal and spatial evolution of the digital economy







As shown in Figure 3. Overall, the level of digital economy development within the Yellow River Basin exhibited a consistent upward trajectory during 2011–2020, especially from 2017 to 2020. However, there are obvious gaps in the development of the digital economy amongst cities. Specifically, in 2011, the overall level of digital economic development in most cities was low, with a prominent development gap. No city’s digital economic development reached a high level. From 2014 to 2017, the level of digital economic development in various cities increased significantly. The areas exhibiting favorable development trends were mainly concentrated in the economically developed regions located in the middle and lower reaches of the Yellow River.4 By contrast, some cities in the upper reaches showed a lagging trend in digital economy development. By 2020, the digital economy development in each city within the Yellow River Basin had undergone further improvements. The number of cities reaching high-level digital economic development increased. Notably, some middle reaches and upper reaches cities joined the high-level ranks of digital economic development. This may be due to the robust support from both the state and local governments in these areas, which has fostered a conducive environment for digital economy development.



	(2)

	
Temporal and spatial evolution of total-factor carbon emission efficiency







As shown in Figure 4. Overall, the total-factor carbon emission efficiency across the Yellow River Basin has shown a downward trend from 2011 to 2020, especially during 2014–2017. This decline may be attributed to the fact that the regional economic development level improved during this period, accompanied by a rise in population. This naturally led to increased energy and resource utilization. As energy consumption rose, the issue of extensive and inefficient use of energy became severe, resulting in a reduction in total-factor carbon emission efficiency [71].



From a spatial perspective, the carbon emission efficiency of cities within the Yellow River Basin follows a distinctive pattern, with the highest in the lower reaches, the second highest in the middle reaches, and the lowest in the upper reaches. The main reason is that the upper reaches of the Yellow River Basin are dominated by coal consumption, and the primary energy industry accounts for a large proportion. This energy consumption structure inhibits the improvement of total-factor carbon emission efficiency. By contrast, cities in the middle and lower reaches have improved their total-factor carbon emission efficiency due to their natural geographical advantages, strong economic development foundation, and continuous optimization of industrial structure.




5.2. Baseline Regression


Table 4 presents the results of baseline regression analysis, assessing the impact of the digital economy on total-factor carbon emission efficiency. Without controlling for any variables that could potentially influence total-factor carbon emissions efficiency, the estimated coefficient of dige is 0.334, passing the significance test, indicating that the digital economy has had a significantly positive impact on carbon emission efficiency. With control variables included in the regression model, column (2) shows that the estimated coefficient of dige slightly increases, from 0.334 to 0.35—also significantly positive at the 5% level. Therefore, hypothesis H1 is confirmed. Every 1 unit increase in the digital economy development index would lead to an improvement of a 0.35 unit in total-factor carbon emission efficiency in the Yellow River Basin. This finding proves the substantial positive impact of the digital economy on total-factor carbon emission efficiency.




5.3. Robustness Test


To check the robustness of the benchmark regression findings, this study conducted the following robustness tests. First, this paper used the alternative explanatory variable measurement method and adopted principal component analysis to calculate the development level of the digital economy. Second, this paper changes the measurement indicators of the explanatory variables by replacing energy inputs with electricity consumption and keeping other indicators unchanged. Third, to mitigate the influence of potential outliers on the estimation accuracy, variables used in the study are subjected to bilateral truncation at the first percentile and then re-regressed. Last, given that there are delays in the influence of the digital economy on overall carbon emission efficiency, this study applied a one-period lag to the explanatory variables. The corresponding outcomes are presented in Table 5.



All the columns in Table 5 showcase the outcomes of the four robustness tests outlined above. It is noteworthy that the sign of total-factor carbon emission efficiency consistently remains significantly positive regardless of the approaches employed. This implies that the digital economy indeed exerts a statistically significant enhancement on total-factor carbon emission efficiency. These consistent findings reinforce the reliability and robustness of the benchmark regression results.




5.4. Heterogeneity Test


5.4.1. Heterogeneity Test of Urban Locations


The regional heterogeneity in this study was studied by dividing the Yellow River Basin into three regions based on their geographical positions: the upper reaches, middle reaches, and lower reaches. The impact of the digital economy on the total-factor carbon emission efficiency of each region is accordingly examined. Table 6 presents the results.



From the regional perspective, the digital economy exhibits a positive influence on carbon emission efficiency in both the upper and lower reaches of the Yellow River. The influence is statistically significant, passing significance tests at the 10% level for the upper region and the 1% level for the lower region. The upper region has strong support from national policies that promote digital economy development, while the lower region is more economically developed and can leverage advanced technologies such as artificial intelligence, the Internet, blockchain, and cloud computing to become highly integrated into traditional industries. This synergy allows the lower region to give full play to the advantages of the digital economy, make full use of data elements, optimize its industrial structure, and unlock the potentials of the digital economy. As a result, this improves the overall efficiency of total-factor carbon emission reduction [5]. Conversely, Table 6 shows that the digital economy has significantly inhibited the efficiency of total-factor carbon emissions in the middle reaches of the Yellow River. This could be due to the fact that the digital economy in this region is still in its early stages. The development of digital infrastructure in the region is behind, and the level of its integration with other industries remains relatively low. Consequently, there are breakthrough bottlenecks, resulting in a limited impact on carbon emission efficiency. In summary, due to the unbalanced development of the Yellow River Basin, there are differences in the degree of digital economic development in the Yellow River region, resulting in differences in total-factor carbon emission efficiency among regions.




5.4.2. Heterogeneity Tests of Urban Nature


The Yellow River Basin represents a typical ecologically fragile region in China, where the economic development of resource-based and non-resource-based cities varies significantly. Therefore, it can be expected that the impact of the digital economy on total-factor carbon emission efficiency would be different in cities with different attributes. To explore these potential differences, the cities within the Yellow River Basin have been classified into 49 resource-based cities and 48 non-resource-based cities, following the classification standards set by the State Council of China.5 This classification allows for us to examine whether the impact of the digital economy on high-quality economic development differs depending on city attributes.



The outcomes of the heterogeneity test, categorized by city attributes, are presented in Table 7, in which columns (1) and (2) represent the results for resource-based and non-resource-based cities while controlling for time and area effects, respectively. The influence of the digital economy on total-factor carbon emission efficiency is significantly different for resource-based cities and non-resource-based cities. As demonstrated in column (1) of Table 7, the development of the digital economy significantly improves total-factor carbon emission efficiency for resource-based cities. By contrast, the digital economy does not exert a significant promotional effect for non-resource-based cities, as shown by the figures in column (2) for non-resource-based cities. There might be several reasons explaining the differences. Resource-based cities, in contrast to their non-resource-based counterparts, often rely on a single economic path and are characterized by resource dependence. Since China has initiated economic transform for these resource-dependent cities, a great deal of efforts, such as establishing specialized projects for comprehensive resource utilization and fostering alternative industries, developing the digital economy, and optimizing and upgrading industrial structures, have been made, which have promoted economic and social sustainability. Consequently, the efficiency of total-factor carbon emissions has progressively improved [72]. Conversely, non-resource-based cities consume considerable energy, which results in significant carbon emissions due to their advanced economy, substantial population size, and spatial constraints [73]. Therefore, the emission reduction impact of the digital economy has been limited for non-resource-based cities.





5.5. Mediation Effects


The transmission mechanism of the digital economy’s impact on total-factor carbon emission efficiency was hypothesized and discussed from the previous perspective of green technology innovation. In order to verify the hypothesized transmission mechanism, this paper employed a mediation effect model to conduct an empirical analysis of the hypothesis. The results are shown in Table 8. The development level of digital economy exhibits a significant and positive impact on the advancement of green technology innovation, referring to column (2) in Table 8. The digital economy’s capacity to promote green technology innovation, which subsequently leads to an improvement of total-factor carbon emission efficiency, is evident, given the positive coefficients for digital economy development and green technology innovation, referring to column (3) in Table 8. Therefore, the digital economy improves the efficiency of social and economic operations, accelerates the pace of corporate green technology innovation, contributes to the problem-solving of excessive urban carbon emissions, and ultimately helps to achieve the goal of improving the efficiency of total-factor carbon emissions. Accordingly, Hypothesis 2 is confirmed.




5.6. Analysis of Moderated Mediation Effects


A moderated mediated effects model was employed in this study to test the moderated mediation effects of the digital economy on total-factor carbon emission efficiency, following the research conducted by ref. [12]. Table 9 presents the results. The moderation effect of the digital economy on total-factor carbon emission efficiency is demonstrated, this referring to column (1) in Table 9. Looking at column (2), the coefficient of the gov   ×   dige interaction term is significantly negative, with −1.63 at the 1% significance level. This finding suggests that government intervention has a negative moderation effect on the promotion of green technological innovation of the digital economy. This finding confirms Hypothesis 3. The coefficient of the gov   ×   inov interaction term is significantly positive, with 5.66 at the 10% significance level, as shown in column (3). This result suggests that government intervention positively regulates the mediating role of green technological innovation in enhancing total-factor carbon emissions efficiency, thereby affirming Hypothesis 4.





6. Research Conclusions


6.1. Conclusions


Using panel data during 2011–2020 from 97 prefecture-level cities in the Yellow River Basin, this paper conducts a comprehensive assessment of the digital economy development and its impact on total carbon emission efficiency in both spatial and temporal dimensions. We obtained three main conclusions. Firstly, the level of digital economy development in the Yellow River Basin has been on the rise, with many cities having reached a high level of digitalization by the year 2020. Secondly, the digital economy exerts a positive influence on enhancing total-factor carbon emission efficiency, and this conclusion is substantiated through rigorous robustness analyses [74,75]. Thirdly, the impact of the digital economy on total-factor carbon emission efficiency exhibits regional heterogeneity. This impact is notably significant in upstream cities, downstream cities, and resource-based cities within the Yellow River Basin. It is also believed that there is obvious regional heterogeneity in the carbon emission efficiency. Areas with a high level of digital economy development have higher carbon emission efficiency, and digital economy is conducive to promoting energy conservation and pollution reduction in China [76,77].



In addition, employing mediated effect models and moderated mediated effect models, this research empirically investigates the impact of the digital economy on total-factor carbon emission efficiency and unravels its intrinsic mechanisms. We found that the digital economy significantly enhances total-factor carbon emission efficiency through green technological innovation. The mechanism of this impact is subject to government intervention. Specifically, government intervention has a significantly negative moderating effect on the relationship between the digital economy and green technological innovation, while simultaneously exerting a positive regulatory influence on the mediating role of green technological innovation in the relationship between the digital economy and total-factor carbon emission efficiency. The results of previous studies have also shown that the digital economy reduces carbon emission efficiency by reducing energy consumption and upgrading the industrial structure [78,79].




6.2. Recommendations Based on Our Empirical Findings: Proposal of a Few Policy Recommendations


Firstly, local governments could accelerate the development of the digital economy by channeling their efforts into integrating the digital economy with traditional industries in order to promote sustainable economic transformation. The digital economy can not only bring economic benefits but also mitigate climate change and provide a feasible path for China to achieve its dual carbon goals in the next decades. Secondly, green technological progress can reduce carbon emissions from energy utilization and improve total-factor carbon emission efficiency. Local governments not only need to improve their terminal pollution control capabilities but also must leverage the important role of green technology in achieving low-carbon development, strengthen the guidance of green policies, and give full play to the economic benefits of the digital economy. Thirdly, it is recommended that when formulating policies for digital economy development and carbon emission reduction, local governments should consider differentiated strategies addressing the regional disparities within the Yellow River Basin. The geographical heterogeneity in carbon emission efficiency across the Basin necessitates a multifaceted approach and joint efforts among local governments. Lastly, tailored government interventions would be required to guide the integration and optimization of Internet resources, strengthen carbon emission policies, accelerate the establishment of a comprehensive carbon emission restriction system, and increase carbon emission monitoring.




6.3. Research Limitations and Future Recommendations


This study examines the impact and mechanisms of digital economy on carbon emission efficiency yet acknowledges the limitations encountered during the research process, which warrant further investigation in future studies.



Firstly, due to the constraints of the available data, there is a considerable absence of digital economy indicator data prior to 2011. Consequently, the calculation of the digital economy’s development level commences from 2011, thus setting the research’s starting year to 2011. Should big data methods enable the acquisition of digital economy indicators for 2011 in the future, the research timeframe could be extended. Moreover, this paper selected 97 prefecture-level cities within the Yellow River Basin as the research sample. Expanding the geographical scope to include all prefecture-level cities in China could yield additional research findings.



Secondly, future research could delve into the micro-level impact mechanisms of the digital economy on carbon emission efficiency from an enterprise perspective. Enterprises are significant contributors to carbon emissions, and the evolution of the digital economy can influence their technological upgrades and management practices, subsequently affecting carbon emission efficiency. Obtaining enterprise-level indicator data in the future to explore the impact of the digital economy on carbon emission efficiency would be of substantial significance for China’s carbon reduction goals.
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Notes


	
1

	

The information comes from https://www.idf.pku.edu.cn/./zsbz/index.htm (accessed on 21 April 2021).






	
2

	

The information comes from https://www.wipo.int/classifications/ipc/green-inventory/home (accessed on 8 January 2024).






	
3

	

The information comes from https://www.idf.pku.edu.cn/./zsbz/index.htm (accessed on 21 April 2021).






	
4

	

The upper reaches includes Sichuan, Gansu, Qinghai Province and Ningxia Hui Autonomous Region; The middle reaches includes Shanxi Province, Inner Mongolia Autonomous Region and Shaanxi Province; The lower reaches includes Shandong Province and Henan Province.






	
5

	

Notice of the State Council on Printing and Distributing the National Plan for Sustainable Development of Resource-based Cities (https://www.gov.cn/zwgk/2013-12/03/content_2540070.htm (accessed on 3 December 2013)).
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Figure 1. Theoretical framework of this study. 
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Figure 2. Empirical research design. 
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Figure 3. Spatial distribution of digital economy development level in the Yellow River Basin. 
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Figure 4. Spatial distribution of total-factor carbon emission efficiency in the Yellow River Basin. 
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Table 1. Description of total-factor carbon emission efficiency indicators.
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First-Grade Index

	
Second-Grade Index

	
Third-Grade Index

	
Description of Indicators






	
Total-factor carbon efficiency

	
Input indicators

	
Labor

	
Number of employees by the end of the year in the city (10,000 people)




	
Capital

	
Fixed capital stock (10,000 yuan)




	
Energy

	
Energy consumption (10,000 tons)




	
Output indicators

	
Expected outputs

	
GDP (10,000 yuan)




	

	
Non-expected outputs

	
Carbon dioxide (10,000 tons)











 





Table 2. Digital economy indicator system.






Table 2. Digital economy indicator system.












	Target Level
	Standardized Layer
	Indicator Layer
	Description of Indicators
	Unit





	Digital economy
	Internet development
	Internet penetration
	Number of Internet broadband access subscribers per 100 people
	Household



	
	
	Relevant practitioners
	Share of employees in computer services and software industry in urban units
	--



	
	
	Status of related outputs
	Total telecommunication services per capita
	Yuan



	
	
	Cell phone penetration rate
	Number of cell phone subscribers per 100 people
	Household



	
	Digital Financial Inclusion
	Digital Inclusive Finance Index
	Digital Inclusive Finance Index
	--










 





Table 3. Descriptive statistics of variables.
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	Variables Name
	Symbol
	Unit
	Obs
	Mean
	Sd
	Min
	Max





	Total-factor carbon efficiency
	tcpi
	--
	970
	0.298
	0.200
	0.029
	1



	Digital Economy Index
	dige
	--
	970
	0.111
	0.062
	0.018
	0.412



	Size of population
	lnpeo
	10,000 people
	970
	5.781
	0.709
	3.148
	7.647



	Industrial structure
	industry
	--
	970
	0.917
	0.487
	0.204
	4.107



	Employment density
	ED
	10,000 people/square kilometer
	970
	0.005
	0.006
	5.29 × 10−4
	0.048



	Environmental regulation
	ER
	--
	970
	0.575
	0.093
	0.273
	0.813



	Green technology innovation
	inov
	10,000 patents
	970
	0.043
	0.111
	0.1 × 10−3
	1.203



	Government intervention
	gov
	-
	970
	0.210
	0.119
	0.067
	0.916










 





Table 4. Baseline regression results.






Table 4. Baseline regression results.










	Variables
	(1)

tcpi
	(2)

tcpi





	dige
	0.334 **

(0.140)
	0.350 **

(0.142)



	lnpeo
	
	0.150 *

(0.084)



	industry
	
	−0.004

(0.021



	ED
	
	−0.132 ***

(0.032)



	ER
	
	0.037

(0.083)



	Constant
	0.368

(0.496)
	−0.553

(0.496)



	City FE
	YES
	YES



	Year FE
	YES
	YES



	R2
	0.253
	0.257



	Observations
	970
	970







Note: *** p < 0.01, ** p < 0.05, * p < 0.1, and standard errors in parentheses.













 





Table 5. Robustness estimation results.
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(1)

	
(2)

	
(3)

	
(4)




	
Variables

	
Replaced the Explanatory

Variable

	
Replaced the Explained

Variable

	
Bilateral Indentation

	
Lagged Effects

Estimation






	
dige

	
0.787 ***

	
0.285 **

	
0.386 ***

	
0.256 *




	

	
(0.244)

	
(0.137)

	
(0.152)

	
(0.155)




	
Constant

	
0.897

	
−0.321

	
−0.649

	
−0.377




	

	
(0.768)

	
(0.480)

	
(0.520)

	
(0.470)




	
Control

	
YES

	
YES

	
YES

	
YES




	
City FE

	
YES

	
YES

	
YES

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES




	
Observations

	
970

	
970

	
970

	
873




	
R-squared

	
0.220

	
0.259

	
0.258

	
0.256








Note: *** p < 0.01, ** p < 0.05, * p < 0.1, and standard errors in parentheses.













 





Table 6. Analysis of regional heterogeneity.






Table 6. Analysis of regional heterogeneity.











	Variables
	(1)

Upper Region
	(2)

Middle Region
	(3)

Lower Region





	dige
	0.715 ***
	−0.522 *
	0.599 **



	
	(0.244)
	(0.286)
	(0.234)



	Constant
	−1.935 ***
	0.416
	−4.186 **



	
	(0.735)
	(0.530)
	(1.840)



	Control
	YES
	YES
	YES



	City FE
	YES
	YES
	YES



	Year FE
	YES
	YES
	YES



	Observations
	350
	290
	330



	R-squared
	0.229
	0.376
	0.295







Note: *** p < 0.01, ** p < 0.05, * p < 0.1, and standard errors in parentheses.













 





Table 7. Heterogeneity test of urban nature.
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	Variables
	(1) Resource-Based Cities
	(2) Non-Resource-Based Cities





	dige
	0.657 ***
	0.100



	
	(0.224)
	(0.181)



	Constant
	−0.639
	0.416



	
	(0.793)
	(0.530)



	Control
	YES
	YES



	City FE
	YES
	YES



	Year FE
	YES
	YES



	Observations
	490
	480



	R-squared
	0.256
	0.305







Note: *** p < 0.01, and 