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With the continuous advancement of the new generation of information technology revolution, digital economy is gradually becoming an important driving force for energy transition while restructuring the new form of the economy. This paper selects panel data of 30 provinces in China from 2011 to 2021, empirically verifies the special impacts of digital economy on green-oriented transition of energy by using the spatial Durbin model, and further constructs a multi-intermediary model to verify its transition pathways. The main findings are as follows: First, the overall level of green-oriented transition of energy in China’s eastern coastal areas is relatively high, and the western regions have been more capable of catching up in recent years. Second, digital economy has played a significant role in promoting green-oriented transition of energy, and there is a positive spatial spillover effect. Third, digital economy could indirectly promote the green-oriented transition of energy by promoting the upgrading of industrial structure, improving the level of technological innovation and strengthening environmental regulations. This study provides empirical insights and reference for policymakers in accelerating the comprehensive green-oriented transition of energy.
Keywords: digital economy, energy transition, multiple mediation effect, spatial effects, spatial Durbin model
1 INTRODUCTION
The massive consumption of fossil fuels such as coal in recent decades has brought huge challenges to the global environment: excessive carbon dioxide emissions have led to global climate change, depletion of fossil energy reserves, and increasing imbalances in energy markets. The 27th session of the Conference of the Parties (COP27) to the United Nations Framework Convention on Climate Change in 2022 launched the Planning for Climate Commission, aiming to accelerate the deployment of renewable energy sources such as hydrogen and increase investment in renewable energy technologies to gradually reduce dependence on fossil fuels (Bashir et al., 2023). China is the world’s top energy consumer and carbon emitter and has been the fastest rising energy consumption for 20 consecutive years, whose primary energy consumption increased from 600 million tons of standard coal in 1981 to 5.41 billion tons in 2022, with coal consumption accounting for 56.2% of total primary energy consumption. To reduce energy consumption, ensure energy security, and maintain environmental sustainability, the Chinese government has consistently prioritized energy transition, namely, the shift from fossil fuels to renewable energies (De La Peña et al., 2022). In September 2020, at the general debate of the 75th session of the United Nations General Assembly, Chinese President Xi Jinping proposed that China’s carbon dioxide emissions should peak before 2030 and China will strive to achieve carbon neutrality by 2060. This is a significant strategic decision made by the Chinese government based on its resolution to promote a global community of shared future, and it is the domestic requirement for achieving sustainable development. The COVID-19 pandemic that broke out in 2020 had a profound impact on energy demand, although the growth rate of renewable energy generation set a new record, due to weakened control over the energy market, the continuous decline in oil prices made traditional energy more competitive than renewable energy, and posed a serious threat to the global renewable energy supply chain (Tian et al., 2022). In 2021, carbon dioxide emissions during the economic recovery period were about 180 Mt higher than in 2019 before the pandemic, and China remains the country with the highest carbon dioxide emission intensity among major economies, due to the dominance of coal in China’s energy structure and the high proportion of industry in its GDP (IEA, 2022). Therefore, how to accelerate the “decarbonization” of the energy system and achieve the clean and low-carbon energy transition is a major issue that needs to be addressed urgently.
The digital economy is driven by emerging technologies such as big data, cloud computing, blockchain, and artificial intelligence, and it optimizes the allocation of economic and social resources through data. In recent years, supported by national policies, China’s digital economy has flourished, expanding nearly 400% compared to a decade ago, with its proportion in GDP increasing by 18.2% (Ran et al., 2023). As the next-generation information and communication technologies accelerate their penetration into the real economy, traditional factors are activated by data factors, and traditional industrial processes are optimized, thereby reducing information collection and transaction-related costs and improving total factor productivity. The development of digital economy continuously generates new digital business models and forms, such as smart logistics, industrial internet, and intelligent manufacturing, promoting the agglomeration, integration, and ecological development of various industries. Furthermore, the digital economy simplifies the procedures for generating renewable energy, which is a necessary path for decarbonizing the power sector (Ahmadpour et al., 2021). The integration of digital economy with the economic and social system breaks the original industrial layout, reshapes the mode of value creation, and extends the industrial chain, promoting the integration and development of industries. By integrating big data, cloud computing, artificial intelligence and other digital technologies into the production and consumption of energy, it drives enterprises to achieve intelligent production and efficient coordination, enabling flexible allocation of various energy sources and increasing the proportion of clean energy in energy consumption. Therefore, exploring whether digital economy could drive the green and low-carbon transition of energy is the focus of this study. Since there is a certain spatial correlation between things in different regions, the spatial correlation is also included in the study scope to reduce the bias of the estimation results (You and Lv, 2018). Moreover, the development of digital economy is closely related to industrial structure, technological innovation, and environmental regulations, which may exert mediating effects on green-oriented transition of energy. This paper will also discuss these three possible transition mechanisms to provide a more comprehensive explanation of the relationship between China’s digital economic development and green-oriented transition of energy.
The potential marginal contributions of this paper are mainly as follows: First, based on the connotation, laws and trends of green-oriented transition of energy, this paper comprehensively measures the level of China’s green-oriented transition of energy from four different dimensions, increasing the accuracy and comprehensiveness of the assessment results. Second, based on the spatial Durbin model, this paper explores the spatial effects of digital economy on green-oriented transition of energy, which could help to formulate relevant policies on the green-oriented transition of energy from the perspective of regional collaboration. Third, this paper conducts an in-depth analysis of the role mechanism of digital economy in green-oriented transition of energy, and uses the stepwise regression method to analyze the mediating effects of industrial structure upgrading, technological innovation, and environmental regulations.
The rest of the article is divided into the following sections. A review of the literature is presented in Section 2. The mechanism analysis and research hypotheses are presented in Section 3. In Section 4, the methodology and data sources are presented. The empirical analysis, results, and discussion are presented in Section 5. The article’s conclusions and policy suggestions are presented in Section 6.
2 LITERATURE REVIEW
2.1 Energy transition and its influencing factors
Energy transition, as a global trend in energy development, has actively been studied by numerous scholars. Conceptually, the most intuitive form of energy transition is the change in energy structure. Hefner (2013) characterizes energy transition as a shift from solid to liquid and then to gaseous form of energy. Li et al. (2020) view green energy transition as the replacement of dominant energy sources, namely, replacing high-carbon fossil fuels with clean energy. The long-term changes in energy structure will impact the energy system in all kinds of aspects, including economic, political, social, and environmental aspects, which implies that energy transition is a significant shift towards a sustainable system (Markard et al., 2012). Regarding the driving forces and factors influencing energy transition, previous scholars have primarily conducted qualitative and quantitative studies. Millot and Maïzi (2021) find in their study of the historical characteristics of energy transition that its driving factors are multiple and interpenetrating, including national policies, technological innovation, and market mechanisms. By comparing and analyzing different energy scenarios in Europe, Hainsch et al. (2022) discover that energy transition is driven by a combination of technological support, policy strength, and social attitudes. Quantitative studies have also emerged, for instance, Guo et al. (2019) use a structural equation model to analyze the factors influencing sustainable energy transition in China, and find that energy technology innovation, energy markets, and socio-technical systems are the main drivers of energy transition. Huang and Zou (2020) study the impact of cross-regional electricity transmission and environmental regulations on energy transition based on panel data from 30 provinces in China, and find that significant heterogeneity in energy transition across different transmission regions, and that environmental regulations positively promote energy transition. Huang (2022) finds that natural resource prices, economic growth, energy imports, and population growth are all positively correlated with energy transition by using an ARDL model boundary co-integration test for empirical analysis.
2.2 Digital economy and its impact effects
Specifically, this means handling important affairs of various economic sectors through computer-assisted data digitization (Williams, 2021). Digital economy represents a force of technology that could boost economic development and technological innovation, reduce operational costs for businesses, and increase productivity (Yuan et al., 2021). Many studies have shown that the integration of digital economy with industries has optimized industrial chains, making industrial structures more advanced and rational (Zhang, 2018; Li et al., 2020; Wang et al., 2023). The new models and forms created by digital economy also stimulate economic growth (Fernández-Portillo et al., 2020) and enhance total factor productivity by promoting technological progress (Loebbecke and Picotb, 2015; Lyu et al., 2023). Additionally, the impact of digital economy on the environment has also attracted widespread attention. Numerous studies have confirmed that the development of digital economy could significantly reduce carbon emission intensity, including empirical studies based on global panels (Dong et al., 2022), as well as analyses from provincial and city levels in China (Li and Wang, 2022; Yi et al., 2022). However, the digital economy may have a potential rebound effect that offsets its positive impact on energy demand and environmental quality (Ozturk and Ullah, 2022). Some scholars have studied major urban agglomerations in China, for instance, Luo et al. (2022) found that the development of digital economy could significantly enhance the green development efficiency of the Yangtze River Economic Belt, and Ma and Zhu (2022) found that digital economy could obviously drive high-quality green development and further explore its nonlinear effects and spatial spillover effects.
2.3 The nexus of the digital economy and energy resources
The development of digital economy is driving changes in overall production methods, lifestyles, and governance methods, as well as reshaping energy production, distribution, and consumption patterns. Firstly, the widespread application of digital technology in the energy sector optimizes the energy supply chain and innovates energy consumption forms (Li and Zhang, 2017). Loock (2020) studies the value of digitization for energy transition in Europe and finds that digitization is conductive to business model innovation and energy transition promotion. In similar studies, Veskioja et al. (2022) discuss the role of digitization in the socio-technical energy transition in Europe, finding that digitization changes energy production and consumption behaviors, thereby strengthening environmental concepts to promote energy transition. Secondly, digital economy is beneficial for the development of renewable energies, which is key to achieving low-carbon energy transition. Digital technology has a strong advantage in assessing renewable energy investment projects, helping to reduce risks and attract foreign capital, thus increasing corporate investment in renewable energy projects (Mazzucato and Semieniuk, 2018). Shahbaz et al. (2022) empirically verify the impact of digital economy on renewable energy generation and consumption structures based on panel data from 72 countries, and find that digital economy significantly promotes energy transition, with government governance playing a mediating role. Additionally, digital economy promotes energy efficiency, which positively affects energy transition. Survey results on energy policy by Winskel and Kattirtzi (2020) show that digital technology aids in the intelligent management of energy systems, improving energy efficiency to some extent. Further, Wang and Shao (2023) finds in a nonlinear regression based on 282 prefecture-level cities in China that digital economy significantly improves energy efficiency, and this promoting effect gradually strengthens as the level of digital economy increases.
While existing literature provides a theoretical foundation and useful references for this study on digital economy and green-oriented transition of energy, there are still some inadequacies. First, although the theoretical and empirical analysis of the green-oriented transition of energy is relatively complete, there is still research space for applying quantitative methods measure the level of green-oriented transition of energy from different perspectives and dimensions. Second, few studies have explored the spatial relationship between digital economy and green-oriented transition of energy, and this paper considers the spatial dependencies and linkages between regions both geographically and economically. Third, digital economy may influence the green-oriented transition of energy through various intermediary effects, with its transmission mechanisms unclear. This paper explores from three aspects: upgrading of industrial structure, technological innovation, and environmental regulations.
3 THEORETICAL MECHANISM
3.1 Direct impacts of the digital economy on the green-oriented transition of energy
The digital economy, as a new economic form, has become a new driver for promoting changes in energy production and consumption patterns. On the one hand, digital economy promotes the intelligent retrofit of production processes in energy enterprises, promoting the optimization and upgrading of the energy production structure. Digital technologies enable energy enterprises to achieve automation and efficient management in processes such as raw material extraction, processing, inspection, and assembly, for instance, by utilizing high-precision sensor measurements and intelligent decision-making, the efficiency of renewable energy production, transmission, and storage can be enhanced, thereby promoting the development of renewable energy (Wang et al., 2023), leading to a further increase in the proportion of clean energy within overall energy production. On the other hand, digital economy is conducive to improving energy utilization efficiency, reducing energy consumption levels, and reshaping energy consumption pattern and structure. The digital transition of the energy industry promotes the research and application of new technology equipment, increases electricity consumption, and reduces the proportion of high-carbon fossil energy use, thereby enhancing the level of electrification (Kim et al., 2021). The large-scale substitution of electricity can optimize the energy consumption structure, which promotes the green-oriented transition of energy.
As the strong connectivity and shareability of digital economy can break through spatial and temporal restrictions, a large amount of data elements can be more easily transferred between enterprises, effectively improving the energy utilization efficiency of enterprises in production and operation and reducing the demand of high-energy-consuming enterprises for low-quality energy sources such as coal. Additionally, the internet and information technology strengthen the flow of technology, capital, and human resources across different regions, effectively enhancing the rationality of enterprise resource allocation and the flexibility of energy supply and distribution, thus promoting the spatial spillover effect of digital economy on green-oriented transition of energy. Based on the above analysis, we propose hypothesis 1 and hypothesis 2.
H1. The digital economy has a positive impact on the green-oriented transition of energy.
H2. The impact of the digital economy on the green-oriented transition of energy has a positive spatial spillover effect.
3.2 Digital economy, industrial structure upgrading and green-oriented transition of energy
The structural transition theory describes the process of changing the industrial structure to a more advanced, more complex and more adaptable direction to market needs, and the digital economy plays an important role in this process. Firstly, digital economy breaks the independence of industry sectors under traditional economic development models, with different industry sectors gradually integrating and developing under the integration of digital technologies. The circulation of data elements between industries transforms industries from simple chain organizations to multi-dimensional networks, promoting the diversification and innovative development of industries. Moreover, digital technologies break the spatial and temporal restrictions of product transactions, enhancing corporate competitiveness while increasing the added value and derivative value of products. The significant reduction in the cost of production and circulation of products allows for more effective allocation of materials, manpower, and social resources, thereby forming a new industrial chain, changing the logic and organizational forms of industrial development, and achieving the upgrading of industrial structure.
The upgrading of industrial structure can empower the green-oriented transition of energy, the essence of which lies in the overall improvement of the production efficiency of all kinds of factors, including the elimination of high energy consuming industries as well as the enhancement of the proportion of green industries, which implies that the industry is being transformed in the direction of lower-carbon and cleaner (Xue et al., 2022). The industrial structure has become more rational while it reduces dependency on fossil energy and forms a low-carbon and sustainable energy consumption structure (Cheng et al., 2023). Based on the above analysis, we propose hypothesis 3.
H3. Digital economy can indirectly promote the green-oriented transition of energy through industrial structure upgrading.
3.3 Digital economy, technological innovation and green-oriented transition of energy
According to the new growth theory, the core of technological innovation is knowledge accumulation, and the digital economy will enhance the knowledge stock of the entire economy through diversified information dissemination methods, thus promoting technological innovation. First, digital economy enhances the overall production capacity of the economy. When information technology products are integrated into the economic system as intermediate elements of the production process, new combinations are generated (Du et al., 2023), triggering technological innovation. Second, the network connection of the Internet of Everything (IoE) under the digital economy allows for real-time interactions between people and people, people and things, and things and things, making knowledge sharing and thinking collaboration among innovation agents possible. This flexible process of technological innovation not only saves material and time costs but also increases the applicability of technological innovations (Saldanha and Mithas, 2017).
Breaking through core technologies and promoting innovative development play a key role in green-oriented transition of energy, mainly reflected in three aspects: the first is technological innovation in energy production. Continuous innovation of new energy technologies leads to a continuous reduction in the cost of kW hours, especially for wind and solar power, which are now cheaper than traditional coal-fired power generation, promoting the rapid development of new energies. The second is technological innovation in energy transmission and conversion. Innovations in the energy internet, new storage technologies, hydrogen energy, and other areas will promote the development of intermittent and fluctuating renewable energies such as wind energy and solar energy, enhancing the capacity to consume a high proportion of renewable energies. This positive feedback further promotes the development of renewable energies, ultimately achieving a clean and low-carbon transition of energy production. The third is technological innovation in energy consumption. Innovative applications like energy-saving technology, fuel substitution technology, and resource-recycling coupling technology not only reduce the consumption of fossil energy but also significantly improve overall energy efficiency, accelerating the green transition of the energy consumption structure. Based on the above analysis, we propose hypothesis 4.
H4. Digital economy can indirectly promote the green-oriented transition of energy through technological innovation.
3.4 Digital economy, environmental regulations and green-oriented transition of energy
The deep integration of digital technology with ecological and environmental protection is beneficial to the supervision of environmental protection departments and the improvement of environmental regulations. To be specific, all kinds of data from production and operation processes of enterprises can be collected and recorded in real-time through devices and summarized into corresponding systems, thereby making problems be identified and solved promptly (Wu et al., 2023). Additionally, due to the drawbacks of previous empirical decision-making such as lengthy processes, inaccurate judgments, and weak targeting, it is difficult to trace the root causes, while big data can provide precise, comprehensive information, enhance the transparency of the execution, and solve the problem of information asymmetry (Dutil and Williams, 2017), thus providing the best decision-making basis for government departments to formulate environmental regulation policies and conduct real-time supervision, and using historical data for prediction and prevention, which enhances the levels of environmental regulations.
As a strong administrative control, environmental regulations play an important role in promoting the green-oriented transition of energy. Under the pressure of laws and regulations, enterprises respond by approaches such as adjusting the ratio of production factors, improving production equipment, and reducing the use of high-pollution raw materials to bring various economic activities up to the industry standard, thereby reducing the proportion of fossil energy used in production processes. For some incentive policies, such as carbon taxes and environmental subsidies, enterprises may be encouraged to increase their efforts in technological innovation, developing more green and environmentally friendly products (Pan et al., 2023), which not only helps enterprises reduce energy consumption and costs, but also helps enterprises establish a good public image, creating a brand effect and forming a virtuous cycle that empowers green-oriented transition of energy. Based on the above analysis, we propose hypothesis 5.
H5. Digital economy can indirectly promote the green-oriented transition of energy through industrial structure upgrading, technological innovation and environmental regulations.
In summary, the influential mechanism of the digital economy on green-oriented transition of energy is constructed in Figure 1.
[image: Figure 1]FIGURE 1 | The influence mechanism.
4 METHOD AND DATA
4.1 Empirical model
Due to the uneven spatial distribution of energy resources in various provinces of China, there is a spatial dependence in green-oriented transition of energy. to reduce estimation bias, this study performs an empirical investigation using the spatial Durbin model, and the model is constructed as:
[image: image]
Where EGT denotes the level of green-oriented transition of energy, DIG denotes digital economy, i denotes the area and t denotes year, C is a series of control variablesis a spatial weight matrix, μit represents the random disturbance term. To reduce heteroscedasticity in the data, all variables were transformed using logarithmic scales.
Furthermore, to verify whether the mediating effect of industrial structure upgrading, technological innovation and environmental regulations on green-oriented transition of energy is established, the mediating variables are added to Eq. 1 to construct a multiple mediation model, as shown in Eqs 2-5:
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Where IS, TI and ENV denote industrial structure upgrading, technological innovation, and environmental regulations, respectively, b1, c1, and d1 are the estimated coefficients, X denotes each different mediating variable, and ε1it - ε4it are the random disturbance terms.
4.2 Variables and data
4.2.1 Dependent variable
From an intuitive point of view, energy transition is a structural change in production and consumption, but as a whole, it should be considered from a systematic perspective, including economic, political, demographic, social environment, etc. Based on defining the connotation of green-oriented transition of energy (EGT) and summarizing its status quo, laws and trends, we use four factors to construct an index system for green-oriented transition of energy: energy production structure, energy consumption structure, residents’ concept of consumption, and environmental coordination, as shown in Table 1. This paper adopts the coefficient of variation method to weight the four categories, and then measure the comprehensive green-oriented transition of energy index. To further characterize the spatial pattern of China’s green-oriented transition of energy, we draw the distribution maps of the comprehensive index in 2011, 2016, and 2021 (see Figure 2). Overall, the green-oriented transition of energy index of each province is gradually increasing, and the southeast coastal regions have relatively higher levels, which stems from its leading level of economic development and its emphasis on the development of green energy, thus has a decarbonized energy structure. In addition, western provinces such as Qinghai, Sichuan and Yunnan have strong catching-up ability and potential for improvement due to their rich renewable energy resources.
TABLE 1 | China’s green-oriented transition of energy evaluation index system.
[image: Table 1][image: Figure 2]FIGURE 2 | The level of green-oriented transition of energy. (A) 2011, (B) 2016, (C) 2021.
4.2.2 Independent variable
The digital economy is supported by the development of digital industries and focuses on the deep integration of industrial digitalization, constantly expanding the breadth and depth of integration of the digital economy. By taking into account the concept of the digital economy (DIG) and drawing on the digital economy index system established by other scholars, we use four factors to construct an index system for the digital economy: digital infrastructure, digital industry development, industrial digitization, and digital innovation (details are shown in Table 2). Entropy method is a method used for multi-index comprehensive evaluation. It can avoid the influence of subjective factors and assign different weights according to the entropy of indicators. The entropy value method is used to assign weights to each indicator.
TABLE 2 | China’s digital economy evaluation index system.
[image: Table 2]4.2.3 Mediating variable
Industrial structure upgrading (IS): as the scale of the tertiary industry gradually expands, its output level will also be higher than that of the secondary industry, which reflects the change in industrial structure. We adopt the ratio of the value added of the tertiary industry to that of the secondary industry to measure industrial structure upgrading (Luo et al., 2022).
Technological innovation (TI): technological innovation is measured in both inputs and outputs, and innovation outputs better reflect the real innovation capacity of a region than innovation inputs. We refer to the study of Cheng et al. (2023), and adopts the total number of domestic invention patents, utility model patents and design patents applied for authorization to indicate the level of technological innovation.
Environmental regulations (ENV): Pollution emissions can reflect the environmental regulation of a region. We calculate the environmental composite index through the industrial wastewater emissions, industrial sulfur dioxide emissions and industrial soot emissions of the three indicators (Ran et al., 2023), and then take the inverse to get the strength of ENV, the larger the value of ENV, the stronger the environmental regulations.
4.2.4 Control variables
Urbanization level (URB): The urbanization process implies the transfer of rural labor force to cities and towns, which leads to systematic changes in the economic system, social structure and spatial functioning, which involves the choice and use of energy resources, and may affect the green-oriented transition of energy. The ratio of urban population to total population is utilized as a proxy variable for urbanization level.
Foreign direct investment (FDI): On the one hand, FDI can improve energy efficiency and technology level to promote the green-oriented transition of energy (Pan et al., 2020), but on the other hand, it may also increase the dependence on fossil energy. We use the proportion of FDI in GDP to measure this indicator.
Government involvement (GOV): The government has introduced policies, macro-control and other measures to guide enterprises and the public to change the way they use energy, and has increased the development and utilization of green energy. We use the percentage of government expenditure in GDP to measure government involvement.
Marketization level (ML): An increase in the level of marketization is conducive to improving the efficiency of resource allocation and thus the flexibility of energy system operation, and making the production and manufacturing process more green and low-carbon. We adopt the index of China’s marketization process compiled by Fan et al. (2011) as a proxy variable for the marketization level.
4.2.5 Spatial weighting matrices
As the coefficient matrix in the operation process, the spatial weight matrix has an important influence on the result. Considering the representativeness and effectiveness of the spatial weight matrix, the adjacency weight matrix and geographical distance matrix are used to measure the spatial relations of different regions, and the matrices are standardized to carry out spatial correlation test and regression analysis.
Adjacency weight matrix (W1): according to the definition of Queen Neighborhood, if two regions have common edges or common vertices, the weight value is taken to be 1, otherwise the weight is 0. The expression is shown in Eq. 6:
[image: image]
Geographic distance matrix (W2): based on the Euclidean distance between the administrative centers of the two provinces (dij) to construct a geographic distance matrix, the closer the distance the greater the spatial weighting coefficient, the expression is shown in Eq. 7:
[image: image]
4.2.6 Data sources
We use provincial panel data for China from 2011 to 2021 for calculations and empirical analysis. The research excludes Tibet, Hong Kong, Macao, and Taiwan due to the substantial quantity of missing data in these regions. The digital inclusive finance index is measured by the Digital Finance Research Center of Peking University and Ant Financial Services Group (Guo et al., 2020). The number of listed companies in e-commerce parks and intelligent business is calculated by the author from the public website. Data on energy production and consumption were obtained from the “China Energy Statistics Yearbook,” and the remaining indicators and control variables are sourced from the “China Statistical Yearbook,” “China Electronic Information Industry Statistical Yearbook,” “China Science and Technology Statistical Yearbook,” “China Environmental Statistical Yearbook,” China Stock Market & Accounting Research Database, statistical yearbooks of Chinese provinces, autonomous regions, and municipalities. Limited by the availability of data, we used linear interpolation method to complete a few missing data. In addition, all value variables are deflated from the 2011 base period. Table 3 displays the descriptive statistical results of the variables.
TABLE 3 | Descriptive statistics of each variable.
[image: Table 3]5 RESULTS AND DISCUSSION
5.1 Spatial autocorrelation test
Before conducting spatial econometric analysis, we need to test whether each variable has spatial correlation. Global spatial correlation mainly displays the overall spatial attributes of observed variables, usually expressed by global Moran’s index. Moran’s index has a range of [−1, 1], and a positive (negative) spatial correlation exists between areas when the value of I is larger (lesser) than 0. Table 4 displays the global Moran’s index using the adjacency weight matrix (W1) and geographic distance matrix (W2) of the digital economy and green-oriented transition of energy. Obviously, at the 1%, 5%, or 10% levels, the majority of Moran’s I indexes from 2011 to 2021 are significantly positive, suggesting that the digital economy and the green-oriented transition between regions have obvious positive spatial correlations.
TABLE 4 | Global Moran’s index of lnEGT and lnDIG from 2011 to 2021.
[image: Table 4]To further verify the spatial connection between the digital economy and green-oriented transition of energy, the observed variables were tested using the local Moran index. We plot the local Moran index scatter plots for 2011 and 2021 for two variables in different matrices, as shown in Figure 3 and Figure 4. (A, B respectively refer to the Moran scatter plot of EGT in 2011 and 2021, and C, D respectively refer to the Moran scatter plot of DIG in 2011 and 2021). It is clear that the first or third quadrants contain the majority of the data, indicating that the level of green-oriented transition of energy and digital economy presents a spatial distribution state of high-high and low-low agglomeration, and the spatial association is significantly positive.
[image: Figure 3]FIGURE 3 | Moran’s I of variables in 2011 and 2021 (W1). (A) Moran scatter plot of EGT in 2011; (B) Moran scatter plot of EGT in 2021; (C) Moran scatter plot of DIG in 2011; (D) Moran scatter plot of DIG in 2021.
[image: Figure 4]FIGURE 4 | Moran’s I of variables in 2011 and 2021 (W2). (A) Moran scatter plot of EGT in 2011; (B) Moran scatter plot of EGT in 2021; (C) Moran scatter plot of DIG in 2011; (D) Moran scatter plot of DIG in 2021.
5.2 Benchmark regression results
We used the Lagrange multiplier (LM), likelihood ratio (LR), Wald, and Hausman tests in turn to choose an appropriate spatial economic model. First, the LM test indicated that the null hypothesis should be rejected and the spatial econometric model should be adopted instead of the OLS. According to the LR and Wald tests, the SDM was the best choice and it would not degenerate into SAR or SEM. The maximum likelihood estimation (MLE) approach based on the conditional log-likelihood function is used to estimate the SDMs to lessen the bias in the results caused by endogeneity concerns (Anselin, 1988). In addition, the Hausman test result indicates that the fixed effects SDM was the right adoption. Compared to the spatial fixed and double fixed effects, the SDM with time fixed effects provided a superior fit for the model regressions. The estimation results are shown in Table 5.
TABLE 5 | Benchmark regression results.
[image: Table 5]From the benchmark results of SDM, it can be seen that before and after adding the control variables, the coefficients of lnDIG pass the 1% significance test and are positive under both weight matrices, the hypothesis H1 is accepted, which indicates that the improvement of the digital economy can positively promote green-oriented transition of energy of the region. In columns (2) and (4), the spatial lag coefficient of lnDIG is significantly positive, indicating that the digital economy can also promote the green-oriented transition of energy in neighboring areas, which is consistent with hypothesis H2. Digital technology is profoundly changing the production, distribution, and consumption patterns of energy, constantly giving rise to new models and formats such as smart energy systems, comprehensive energy systems that complement multiple energy sources, and collaborative systems for renewable energy and electric vehicles. This provides a broad development market for renewable energy and expands its power generation scale, leading energy towards clean and low-carbon development. This research refers to LeSage and Pace (2010), using partial differential methods to decompose the spatial effects into direct, indirect, and total effects to correctly depict the spatial spillover effects between the variables. Table 6 displays the results.
TABLE 6 | Direct, indirect, and total effects of each variable.
[image: Table 6]The results indicate that the direct effect coefficient of lnDIG is significantly positive under both spatial matrices, indicating that the development of the digital economy in general has a significant role in promoting the green-oriented transition of energy. Digital means play an important role in the planning, design, operation and other stages of energy systems. By creating virtual physical system models, physical systems can be simulated, verified, predicted, and controlled, providing decision support for energy system optimization and energy-saving transformation, and helping clean, low-carbon, and efficient use of energy. In addition, digitalization is the mainstream trend of China’s industrial transformation, and the government has increased investment in energy digitalization projects to encourage energy companies to accelerate the pace of industrial digital transformation (Li and Zhan, 2018), promoted the proportion of clean energy such as electricity in energy consumption, and further optimized the energy structure. the coefficients of the indirect effect of lnDIG under both matrices pass the significance test and is positive, indicating that the development of the digital economy can have an impact on neighboring regions through resource sharing, talent exchange and trade circulation. On the energy production side, the investment in green projects and the introduction of technical talents will accelerate the development and utilization of clean energy, thus increasing the proportion of renewable energy generation. On the energy consumption side, the application of digital technology will make cross-regional cooperation and communication smarter and more convenient, shorten the response time of enterprises and change the allocation and use ratio of energy resources, thus promoting the further optimization of the energy structure of neighboring regions.
According to the control variables, the coefficients of the direct, indirect and total effects of the level of urbanization are all negative, and one possible explanation is that, because China is in the process of urbanization, there is a greater demand for infrastructure materials in the expansion of the city scale, and most of the energy used in the production of construction materials is dominated by low-quality energy sources, such as coal, which impedes the green-oriented transition of energy. The direct effect of FDI is positive, while the indirect and total effects are negative, probably because FDI is conducive to the introduction of new equipment and technology to promote the low-carbon development of the energy industry in the region, while the existence of industry competition and the adoption of technological blockades and other measures by enterprises in different regions will be detrimental to the green-oriented transition of energy in the neighboring regions. The coefficients of government involvement on green-oriented transition of energy are all positive, indicating that government policy measures and related financial expenditures can promote the development of renewable energy industry (Pan et al., 2023), and thus have a positive impact on the green-oriented transition of energy. In addition, the continuous improvement of the degree of marketization can further realize the optimal allocation of energy resources and improve the flexibility of the inter-regional energy system, thus promoting the green-oriented transition of energy.
5.3 Robustness test
In the above analysis, different spatial weight matrices were applied to regress the spatial Durbin model, and the estimated coefficients of the core explanatory variables were relatively similar in terms of significance and direction, and we will further test the robustness of the empirical results using three methods. First, we re-measure the level of digital economy. The White Paper on China’s Digital Economy Development (2022) released by the China Academy of Information and Communication Research (CAICR) points out that the scale of China’s digital economy reaches 45.5 trillion yuan in 2021, while the scale of industrial digitization reaches 37.2 trillion yuan, and its contribution to the total digital economy exceeds 80%, that is to say, industrial digitization is a key force for the accelerated development of the digital economy. Therefore, we apply the entropy method to measure the four indicators in industrial digitization and use them as proxy variables for digital economy. The regression results are shown in Table 7. It can be found that the digital economy can significantly promote the green-oriented transition of energy and produce spatial spillover effects, which means the results are robust. Second, the generalized spatial two-stage least squares (GS2SLS) method is used for estimation to attenuate the endogeneity problem arising in the model (Kelejian and Prucha, 1998). Since SDM already contains the first-order spatial lag term of each explanatory variable, which means that the number of potential strong instrumental variables in the model is small, so the instrumental variables should contain at least the second-order spatial lag term of the explanatory variables. To avoid the problems caused by weak instrumental variables, we choose the highest third-order spatial lag term as the instrumental variable. The results of column (2) and column (5) in Table 7 indicate that the green-oriented transition of energy has significant spatial spillovers, and that the digital economy plays a significant contributing role, which is consistent with the previous results and confirms the robustness of the results. Third, given that the outbreak of the New Crown Pneumonia epidemic at the beginning of 2020 had a large impact on energy demand, it may affect the green-oriented transition of energy to a certain extent. After re-estimating the model by setting the sample years as 2011-2019, the digital economy and its lagged term coefficients are significantly positive and the size of the coefficients have increased, which again verifies the reliability of the conclusions.
TABLE 7 | Robustness test results.
[image: Table 7]5.4 Mechanism verification
This paper draws on the stepwise test method of Wen et al. (2004) to analyze the multiple mediating effects under the spatial Durbin model, and the decomposition results of the spatial spillover effects of each mediating variable are shown in Table 8 and Table 9. The regression results of Formula 1 show that the development of digital economy has a significant positive impact on the green-oriented transition of energy, so it satisfies the preconditions of the stepwise regression method.
TABLE 8 | Mediation effect results of W1.
[image: Table 8]TABLE 9 | Mediation effect results of W2.
[image: Table 9]As evident from the findings presented in Table 8, The coefficient of lnDIG in column (1) is 0.326, which is significant at the level of 1%, indicating that the development of digital economy can effectively promote the upgrading of industrial structure. The coefficients of lnDIG and lnIS in column (2) both pass the significance test, and the coefficient of lnIS is 0.072, indicating that hypothesis H3 is verified. The digital economy can indirectly promote the green-oriented transition of energy in the region through promoting the upgrading of its industrial structure, and the indirect effect accounted for 15.3%. The coefficient of lnDIG in column (3) is 1.122, which implies that the development of digital economy has a significant positive impact on technological innovation. The coefficients of lnDIG and lnTI in column (4) are both significantly positive, and the coefficient of lnTI is 0.035, which proves that hypothesis H4 is verified and part of the mediating effect of technological innovation is established, the proportion is 25.7%. When environmental regulation is used as a mediating variable, the coefficient of lnDIG in column (5) is 0.443 and passes the significance test, indicating that hypothesis H5 is verified, the digital economy development can effectively strengthen the environmental regulation. The coefficients of lnDIG and lnENV in column (6) are both significantly positive, and the coefficient of lnENV is 0.080, which indicates that the development of the digital economy strengthens the environmental regulation and further promotes the process of the green-oriented transition of energy. Among them, the indirect effect of environmental regulation is 23.1%. In summary, the digital economy can indirectly promote the green-oriented transition of energy in the region through the three paths of industrial structure upgrading, technological innovation and environmental regulation. Furthermore, it can be seen that the size of the indirect effect of the three intermediary variables is in the following order: technological innovation, environmental regulations, industrial structure upgrading.
6 CONCLUSION AND POLICY IMPLICATIONS
Based on the standardized analysis of the theoretical mechanism of the impact of digital economic development on green-oriented transition of energy, this paper takes the panel data of 30 provinces in China from 2011 to 2020 as a sample to comprehensively measure China’s green-oriented transition of energy level and digital economy development index by constructing a comprehensive index system. Spatial Durbin model and multiple mediation model are used to verify the spatial effect and transmission mechanism of digital economy development affecting green-oriented transition of energy. The following conclusions are drawn: First, the overall level of China’s green-oriented transition of energy is on a rising trend year by year, and the transition level of the eastern coastal regions is generally high, while some western provinces and regions rich in renewable resources have outstanding catching-up ability. Second, there is an obvious spatial correlation between the development of digital economy and green-oriented transition of energy in different regions. Digital economy not only has a significant positive contribution to the green-oriented transition of energy in its own region, but also promotes the green-oriented transition of energy process in neighboring provinces. Finally, the development of digital economy can promote the green-oriented transition of energy through three mediation pathways, including industrial structure upgrading, technological innovation, and environmental regulations, which has been further confirmed by robustness tests.
Based on the above conclusions, this paper puts forward the following policy recommendations:
First, on the energy supply side, it is necessary to deeply promote the in-depth integration and application innovation of digital technology and the energy industry by widely applying digital technology to the energy system, to break the vertical development pattern between the energy systems of electricity, petroleum, natural gas, and coal, accelerate the development of energy grid, new power system, smart energy, and other energy systems, and promote the efficient development and utilization of renewable energy sources such as wind and solar energy and their substitution for fossil energy sources, thus promoting the green-oriented transition of energy production. On the energy consumption side, we should accelerate the integration of digital economy and high energy-consuming industries, to enhance the efficiency of the whole industry and the allocation of all factors as well as the innovation of the value creation model, and promote quality change, efficiency change, power change of industrial development and drive the transition of energy consumption, which stimulates the transition of energy production in return.
Second, given that the positive impact of digital economy on the green-oriented transition of energy has a spatial spillover effect, each region should firstly formulate a synergistic optimization strategy based on the differences in the level of green-oriented transition of energy, draw on and absorb the beneficial experience of neighboring regions, and strengthen cooperation and exchanges in green energy innovation and application while continuing to improve the construction of their own digital infrastructures. In addition, spatial spillover effect of digital economy should be made full use of to form a regional linkage to promote the green synergistic development of industries, thus promoting the green-oriented transition of energy in each region.
Finally, promoting green-oriented transition of energy can also be considered from three aspects: industrial structure upgrading, technological innovation and environmental regulations. The depth and breadth of the integration of digital technology and industry should be accelerated in order to reshape the industrial ecology and coordinate supply and demand, further extend the digital industrial chain, and promote the transformation and upgrading of industry in the direction of higher-end, green-oriented, and intelligent. It is necessary to break through the barriers of technological innovation in energy production, promote the conversion and utilization of renewable energy in energy production, and accelerate the introduction of green intelligent equipment, low-carbon production processes, new energy storage, etc., so as to provide strong technical support for the optimization of energy consumption structure. To accelerate the construction of a digital energy supervisory platform, strengthen the intelligent monitoring of energy production, storage and consumption, dynamically formulate and implement control measures in relevant areas to accelerate the consumption of clean energy on the production side and the substitution of electric energy on the consumption side, and promote the comprehensive and synergistic promotion of the green-oriented transition of energy.
Although this article has explored the impact mechanism of the digital economy on green-oriented transition of energy, there are several limitations that need to be noted. First, the definition of the digital economy is broad, and there is still room for improvement in the establishment of the index system and its measurement. Second, considering the completeness and availability of data source, this article selects samples at the provincial level for empirical analysis. Future research could further explore the relationship between the digital economy and green-oriented transition of energy at the urban level. Third, due to the methodological limitations of this paper, the impact of the digital economy on green-oriented transition of energy has not been fully explained from the perspectives of heterogeneity, nonlinear effect, or policy impact, and this is a direction worth exploring in the future.
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InGOV 330 3185 0386 2367 4328
InML 330 2053 0.261 1212 2517
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2011 0400+ 0,083 0282 0.107%*
(4.085) (3410) (2.819) (3.887)

2012 ‘ 0.406°* | 0,088 03117 0115
(4.099) | (3:511) (3.080) (@.111)

2013 | 0336 0.092°* 0313+ 0116
| (3.363) (3519) (3.094) (4.123)

2014 0382+ 0,100+ 0337 0117%
(3757) (3.744) (3314) (4.167)

2015 03874 | 0.099*+* | 0359 [ 0120
: (3.791) (3.701) (3516) (4.248)

2016 | 0325 0065 0.377%% 0121+
(3217) (2.748) (3.670) (4.259)

2017 0285 0,063 | 0405 01267
(2.846) (2.681) (3.926) (4.408)

2018 0.270*+* 0.058** | 0411 | 0.125%
(2713) (2522) (3.977) (4.378)

2019 02924 0.051% | 0422 01307
(2914) (2342) (4.085) (4.513)

2020 0338 0070 | 0412% 01267
(3.325) (2.866) (3.994) (4.422)

2021 | 0328 | 0,049 | 0400 0122
(3.233) (2278) 0 (3.883) (4.310)

Notes: ***, ** and * represent significance at the 1%, 5% and 10% levels, respectively, Z-statistics are in parentheses. The same below.
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