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Abstract

:

The global interest in environmental protection and sustainable development has grown steadily in recent years, sparking widespread concern about green development in the manufacturing industry among governments, enterprises, and scholars around the world. Despite this heightened interest, research on the influence of the digital economy on the manufacturing industry’s green development remains scarce. This article analyzes the impact of the digital economy on the green development of the manufacturing industry and examines the role of human capital and trade competitiveness in this context. Using a two-way fixed-effects model of panel data analysis, we investigated the GTFP (Green Total Factor Productivity) of the Chinese manufacturing industry, as well as that of the overall industry and 20 other Asian countries along the “Belt and Road”. Our findings indicate a positive association between the digital economy and both the overall GTFP and the manufacturing GTFP in China. The countries situated along the Belt and Road experience a U-shaped trend in their GTFP due to the impact of the digital economy. The digital economy displays a delayed impact, and its eco-friendly value is realized, to different extents, after two sequential periods. In addition, human capital and trade competitiveness are threshold variables in the relationship between the digital economy and the green development of the manufacturing industry. When human capital exceeds a certain threshold and trade competitiveness exceeds a certain threshold, the digital economy has a positive effect on GTFP. This study offers unique insights into the impact of the digital economy on the green development of the manufacturing industry. By addressing this research gap, this study gives policymakers the ability to leverage these findings to promote sustainable practices across the industry. Ultimately, the valuable insights provided by this study may contribute to the ongoing efforts to advance the green development of the manufacturing industry.
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1. Introduction


Manufacturing is changing as a result of digitization, becoming a highly dynamic and integrated system [1]. However, as the manufacturing sector expands, it gives rise to a host of challenges centered on energy use and pollution, which result in global warming and recurrent episodes of extreme climatic conditions. Rather than serving as a catalyst for economic growth, the environment is presently becoming an impediment to realizing such ambitions [2]. According to research on Belt and Road nations, economic advancement in many countries has led to damaging effects on the environment. Environmental degradation [3], an increase in carbon emissions [4], and unequal energy consumption [5] are among the issues cited as evidence of these negative impacts. Moreover, the global remote sensing of the ecological environment conducted by China’s Ministry of Science and Technology and the National Remote Sensing Center indicates that some countries within the Belt and Road region exhibit low forest coverage and fragile ecological environments, juxtaposed with an elevated degree of human-related activities. As a result, matters related to sustainable developmental and environmental preservation have come into sharp focus within the Belt and Road area. One such country is Russia, which has undergone a transition towards a green economy with a focus on sustainable environmental development. To achieve this, Russia is modifying its traditional economic development model, which was formerly primarily reliant on exporting raw materials, moving towards a contemporary, sustainable model [6]. Cheng and Ge’s study illustrates that the growing awareness of environmental issues among Malaysian citizens necessitates the establishment of a green economy [7]. Furthermore, it is clear that the Chinese government is placing significant emphasis on environmental regulation and the sustainable advancement of the Belt and Road Initiative (BRI), along with other nations along the Belt and Road [7]. It is posited that renewable energy and trade may act as enablers of green economic growth in emerging Asian economies [8]. As an essential element for the advancement of sustainable development, the concept of green development has gained prominence. The objective of our research is to examine the topic of green transformation within the industrial sector.



The rise of the digital economy has captured widespread attention. The Exponential Climate Action Roadmap indicates that digitization can decrease carbon emissions by 15% worldwide. Moreover, the International Energy Agency has highlighted that digital technology can contribute to considerable reductions in the energy consumption of truck operations, resulting in a potential energy saving of up to 20–25%. The digital economy acts as a catalyst in promoting sustainable development across various industries [9], and it is a key enabler for the improvement of manufacturing GTFP [10]. Digital transformation has the potential to significantly enhance the GTFP of organizations, particularly those in the manufacturing, non-high-tech, and non-polluting sectors [11]. As a result, numerous countries have incorporated sustainable green development objectives into their developmental frameworks, with a particular focus on green industries as an essential step towards enhancing economic restructuring [12,13]. As the digital economy continues to grow, its dependence on big data applications is becoming increasingly apparent. However, this growth has given rise to a considerable demand for energy and power in global data centers, thereby contributing to approximately 2% of the world’s greenhouse gas emissions. The issue of e-waste, which remains challenging to recycle, is also a growing concern, as up to 50 million tons are anticipated to be generated globally each year. In their study on the influence of the digital economy on GTFP in Belt and Road nations, Wang and Ren discovered that increased growth in this sector was associated with a notable decline in GTFP [14]. The negative impacts were more pronounced in middle- and high-income countries. However, there is a dearth of empirical research that explores the intricate relationship between digitalization and green development.



Our paper presents several novel contributions:




	(1)

	
This article pioneers an examination of the correlation between the digital economy and green development in the manufacturing sector and in Asian countries within the Belt and Road region. The study acknowledges the prevailing economic and environmental issues within China’s manufacturing industry and within the countries along the Belt and Road; furthermore, it suggests relevant policies for addressing these problems.




	(2)

	
To evaluate the effect of the digital economy on GTFP across diverse domains, this study uses three econometric models. The models include a baseline assessment of China’s manufacturing sector, as well as two comparative models for exploring the digital green effect in China and 20 other Asian countries.




	(3)

	
Three sets of regression models with variables related to the growth of the digital economy that were delayed by two periods were utilized to strengthen the findings of our work. This method was used to simultaneously assess the lag effects of the digital economy on a number of nations and sectors.




	(4)

	
The essay develops a threshold effect model to highlight the significance of human capital and manufacturing trade competitiveness in the link between the digital economy and green growth.









Section 2 explores the relevant literature sources; this is followed by the establishment and detailing of our research models, metrics, and methodology in Section 3. Section 4 presents and scrutinizes the empirical findings, while Section 5 concludes with our recommendations for the Chinese manufacturing sector and the Belt and Road countries.




2. Related Works


2.1. Digital Economy


2.1.1. Definition and Measurement


In 1994, Don Tapscott wrote his first monograph on the digital economy. Subsequently, some scholars divided the digital economy into clear subdivisions, emphasizing the basic elements of the digital economy. The internet, e-commerce, digital delivery and services, and the retailing of commodities are the four pillars of the digital economy. The expansion of e-commerce and the internet’s fusion with communication technologies are receiving increased attention, encouraging the growth of e-commerce and commercialization [15]. In 2013, the OECD defined it in terms of a business that trades goods and services over the internet. Subsequently, some studies considered the digital economy to constitute a digital presentation of end-to-end transaction and cooperation processes based on data and technologies, using the internet and cloud technologies [16,17]. At the G20 Summit in 2016, Chinese scholars initially defined the concept of the digital economy, stating that the digital economy relies on the use of digital data and contemporary networks to drive economic activities. Digital data are used as a vital input for production, while contemporary networks serve as crucial containers to facilitate these activities. The White Paper on the Development of China’s Digital Economy [18] defined it as follows: “The digital economy is a system that prioritizes the inclusion of digital knowledge and information as primary production factors. This system is propelled by digital technology and supported by modern information networks, effectively serving as a critical means of transportation”.



It is critical to thoroughly analyze the digital economy since it is expanding quickly and taking center stage in global growth. In 1998, the U.S. systematically measured the scale of the digital economy and discussed the impact of IT and e-commerce on the U.S. economy [19]. The method that the China Academy of Information and Communications Technology uses to measure the scale of the digital economy includes two components: industrial digitization and digital industrialization. The method for measuring the scale of industrial digitalization uses the growth accounting framework (EU KLEMS), the core content of which is the growth accounting model and the measurement of the sub-industry ICT capital stock, considering the overall ICT capital stock and regional capital stock in China as the industry digitization scale. In addition, Xu Xianchun’s team at Tsinghua University measured the scale of the digital economy. The digital economy has emerged as an economy that relies heavily on digital technology and is commonly interchanged with the terms “internet economy” or “network economy”. It encompasses the digitization of industries, combined with the broader concept of digitalization. Any economic system that utilizes data to allocate resources and improve productivity, either directly or indirectly, falls under this category.




2.1.2. Effects


The digital economy can effectively promote economic growth and create significant value because it has the following characteristics: data dominance, pervasiveness, substitution, and innovation. First, the ability to unleash digital dividends and the use of data as a production motivator are its basic characteristics [20,21]. The second factor relates to integration and permeability. It can penetrate all aspects of social life through the cross-border integration of IT and industries [22]. Technological innovation is one of the aspects of digital transformation.



The digital economy determines the regional innovation capacity [23]. The most cutting-edge technologies and inventions are most strongly affected by the digital economy [24]. We now live in a digital economy as a result of advances in science and technology. Meanwhile, digital empowerment has promoted the elevated performance of collaborative innovation in manufacturing [25]. In addition, as digital economy levels rise, there is a corresponding increase in innovation in the region [23]. The capacity for regional innovation increases with the volume of the digital economy. Moreover, market reliance on digitization has given rise to the platform economy [26], which removes the obstacles between corporate and personal transactions, breaking down the constraints of time and space and thus allowing transactions to take place anytime and anywhere [27,28]. As research continues to advance, it has been discovered that the digital revolution drives the structural transformation of industries [29]. Innovation and entrepreneurship foster the following three components of the transformation and advancement of industrial structures: rapid industrial change, a more complex industrial structure, and a rationalized industrial structure. For ecologically friendly development, the link between green development and the digital economy is becoming highly significant, and the relationship between CO2 emissions and the digital economy follows a U-shaped, non-linear pattern [30]. The digital economy can decrease PM2.5 to a notable extent [31].




2.1.3. The Digital Economy in China and the Belt and Road Countries


China relies on bilateral cooperative relations with neighboring, friendly countries, and the Belt and Road holds high the banner of win–win cooperation. As a means of bolstering the economies of numerous nations, the digital economy has caught the interest of nations along the Belt and Road. In April 2018, the Digital ASEAN Project was officially launched with the aim of empowering the dynamic regional digital economy [32]. A worldwide program called the Digital Belt and Road Initiative (DBAR) gives nations a way to exchange knowledge, expertise, and data while showcasing the value of Earth observation technologies and global data applications for sustainable development [33]. An advanced infrastructure, smart manufacturing, and a skilled ICT workforce have brought dramatic changes to the manufacturing industry in Asian countries [1]. Internet penetration may help widen the export gap between low- and high-income countries [34]. In addition to updating the trade model and fostering international trade and the economy [35], promoting digital transformation in Belt and Road countries also helps Chinese manufacturing enterprises to go global and improve their international status. Although the digital economy has exhibited strong momentum in Asian countries, many developing countries have not fully adapted to the digital economy [36]. ICT has a smaller influence on economic growth in emerging nations than it does in many wealthy nations [37]. However, weak infrastructures, technical incompetence, security loopholes, and user hesitancy are all obstacles that Asian economies should overcome during the sustainable development process [38].



Digital empowerment for economic advancement is a catalyzer for all countries. It is a strategic imperative for nations seeking to attain economic dominance, offering a platform for innovation, efficiency, and transformation. As such, it represents a critical enabling mechanism for optimal economic development and sustainable advancement.





2.2. GTFP


There is no clear definition of the concept of green development, and most scholars have defined green development based on related concepts. Some scholars have summarized the concept, that is, balancing economic and ecological benefits while focusing on green economic growth, and they emphasize the need for symbiotic and coordinated economic, social, and environmental development [39].



To enhance the dependability of evaluations of sustainable development, it is common practice to incorporate environmental variables into the assessment of economic development efficiency, specifically to examine the efficiency of green improvement. At present, the utilization of DEA has emerged as a prominent technique for gauging production efficiency, as it serves to measure regional green total factor productivity (GTFP) from an efficiency standpoint. All of the GTFP mentioned in this article refers to Green Total Factor Productivity. TFP is recognized as one of the most important indicators employed for evaluating the caliber of economic growth and as the principal gauge for reflecting advancements in technology and enhancements of efficiency for economic growth. Nevertheless, considering the swift rate of economic development, it is inevitable that there will be a rise in both energy consumption and pollution. Researchers created the metric of GTFP to address two issues: the difficulty of pricing resources and the environment due to ambiguous property rights regarding resources and the environment and the difficulties posed by the fact that traditional TFP resource consumption and economic development do not occur simultaneously and are not synchronized.



GTFP is an important indicator that simultaneously balances economic growth and environmental protection, sustainable economic development, and harmonious coexistence between human beings and nature. When measuring GTFP, Chung, Färe, and Grosskopf initially presented the DDF model in 1999 and then measured ML productivity on this basis [40]. The ML index can measure the pollutant output in the production process and incorporate it into the TFP index system. Subsequently, after considering the input and output slackness, Tone proposed the slack-based measure (SBM) model, which effectively overcomes the radial and angular defects [41]. Other scholars proposed a more operable SBM-DDF model based on Tone’s research [42]. This model can eliminate the pollution variables from the production function, further enhancing its applicability.





3. Research Design


3.1. Model Construction


We construct a benchmark model (Model (1)) with China’s manufacturing GTFP as the explanatory variable and the digital economy as the core explanatory variable for regression. The variables and data are discussed in detail in the next section. Considering that, in the process of the analysis, there may be unobservable individual heterogeneity that affects the independent variables; this paper draws on previous approaches [43,44] to choose a fixed-effects model with more robust results for analysis.



To more thoroughly investigate how the digital economy supports overall GTFP in China, Model (2) is introduced for comparison with Model (1). The explanatory variables are the overall GTFP in each province of China, and the core explanatory variables and each control variable are the same as those in Model (1).



At the same time, we adopt an international perspective on our research topic. The digital economy has a spatial spillover effect. If a country has an outstanding level of digital utilization, it can drive the development of its neighboring countries’ digital economies accordingly. Therefore, the Belt and Road data analysis platform of Peking University serves as the foundation for the research object of Model (3). The subjects selected for this paper are 20 countries that work closely with China in the international division of labor in global value chains, including Bangladesh, Brunei, Cambodia, Cyprus, India, Indonesia, Iran, Israel, Jordan, Lebanon, Malaysia, Oman, Pakistan, Philippines, Singapore, Sri Lanka, Thailand, Turkey, Kazakhstan, and Kyrgyzstan. All the variables in Model (3) are the same as those in Model (1) and Model (2).


    G T F P   1 i t   =   δ   0   +   δ   1     d e   i t   +   δ   2     Z   i t   +   μ   i   +   ν   t   +   ε   i t    



(1)






    G T F P   2 i t   =   α   0   +   α   1     d e   i t   +   α   2     Z   i t   +   μ   i   +   ν   t   +   ε   i t    



(2)






    G T F P   3 i t   =   β   0   +   β   1     d e   i t   +   β   2     Z   i t   +   μ   i   +   ν   t   +   ε   i t    



(3)







The subscript i denotes the province in Models (1) and (2), and it denotes the twenty Asian countries in Model (3); t denotes the year; GTFP1 denotes the manufacturing GTFP; GTFP2 denotes the total GTFP of industry in China; GTFP3 denotes the GTFP of the 20 Asian countries; de denotes the degree of digitization; Z represents the control variables used in this paper; μ and ν are province- and time-fixed effects, respectively; and ε is the random disturbance term.



In addition, the development of the digital economy cannot be achieved without the promotion of high-quality talent, and the improvement of manufacturing trade competitiveness can improve the innovation characteristics of the digital economy and thus increase GTFP. To further investigate the moderating effect of the digital economy on the GTFP of China’s manufacturing industry, this paper introduces human capital and manufacturing trade competitiveness into the threshold model for analysis.


    G T F P   1 i t   =   α   1     d e   i t   I (   e d   i t   ≤   γ   1   ) +   α   1     d e   i t   I (   γ   1   ≤   e d   i t   ≤   γ   2   ) + … +   α   n     d e   i t   I (   γ   n − 1    ≤   e d   i t   ≤   γ   n   ) +   α   n + 1     d e   i t   I (   e d   i t   >   γ   1   ) + θ   Z   i t   +   μ   i   +   ε   i t    



(4)






    G T F P   1 i t   =   α   1     d e   i t   I (   t c   i t   ≤   γ   1   ) +   α   1     d e   i t   I (   γ   1   ≤   t c   i t   ≤   γ   2   ) + … +   α   n     d e   i t   I (   γ   n − 1    ≤   t c   i t   ≤   γ   n   ) +   α   n + 1     d e   i t   I (   t c   i t   >   γ   1   ) + θ   Z   i t   +   μ   i   +   ε   i t    



(5)







In Equations (4) and (5), I(·) is the indicator function, and ed and tc are threshold variables.




3.2. Data Description


3.2.1. Explanatory Variables


The explained variable in Model (1) is the GTFP of the Chinese manufacturing industry. This paper draws on previous scholars’ calculation methods and calculates the interprovincial manufacturing GTFP based on the SBM model and the ML index [45,46,47]. We can decompose the ML index into two components that reflect technological progress and the efficiency of technological change over time.


       M L   0     =     x   t + 1   ,   y   t + 1   ,   x   t   ,   y     t          =         D   0   t       x   t + 1   ,     y   t + 1         D   0   t       x   t   ,     y   t       ×     D   0   t + 1       x   t + 1   ,     y   t + 1         D   0   t + 1       x   t   ,     y   t           1 / 2        =     D   0   t + 1       x   t + 1   ,     y   t + 1         D   0   t       x   t   ,     y   t            ×         D   0   t       x   t + 1   ,     y   t + 1         D   0   t + 1       x   t + 1   ,     y   t + 1       ×     D   0   t       x   t   ,     y   t         D   0   t + 1       x   t   ,     y   t           1 / 2        = EFFCH × TECH     



(6)







Here,     D   0   t       x   t   ,   y   t     = i n f   θ :     x   t   ,   y   t   / θ   ∈   S   t     =     s u p   θ :     x   t   , θ   y   t   / θ   ∈   S   t         − 1     and     D   0   t + 1       x   t + 1   ,   y   t + 1     = i n f   θ :     x   t + 1   ,   y   t + 1   / θ   ∈   S   t + 1     =     s u p   θ :     x   t + 1   , θ   y   t + 1   / θ   ∈   S   t + 1         − 1    . St is the production technology level at time t; St+1 is the production technology level at time t + 1; xt and yt are the input and output at time t, respectively; and xt+1 and yt+1 are the input and output at time t + 1, respectively. If       x   t   ,   y   t     ∈   S   t    ,     D   0       x   t   ,   y   t     ≤ 1  . Only if       x   t   ,   y   t       is on the technology frontier does     D   0       x   t   ,   y   t     = 1  . The ML index’s geometric mean is utilized to calculate changes in total factor production from period t to t + 1.



When ML > 1, GTFP is rising; when it is less than 1, it is falling. If EFFCH > 0, then the industrial output increases due to changes in technology and the production scale. If TECH > 0, then technological progress leads to industrial output growth. Finally, the ML productivity index can be obtained using linear programming, resulting in GTFP1. Based on the DEA Malmquist index method for measuring the GTFP of China’s manufacturing industry, we refer to the input and output indicators selected in recent works [48,49] when measuring GTFP and then add the undesired output. We select capital, labor, and energy factor inputs as the main input factors. (1) For the capital factor input, we select the amount of manufacturing fixed-asset investment to represent and obtain the actual amount of manufacturing fixed asset investment for each region, excluding the price factor by deflating the price index. (2) Regarding the labor factor input, the number of employees in the manufacturing industry in every area can be used to represent this input. (3) Concerning the energy factor input, we use the manufacturing sales output value/the gross industrial output value of each region and industrial final energy consumption to estimate this input. The specific calculation method is manufacturing energy consumption = (manufacturing sales output value/industry gross output value) × industrial final energy consumption. Second, the outputs include undesired outputs and desired outputs. The actual value of the manufacturing sales output value in each region after excluding the price factor is used as the desired output. In this paper, we choose manufacturing pollution emissions as the undesired output and estimate manufacturing SO2 emissions using the ratio of the manufacturing sales output to the gross industrial output and industrial SO2 emissions in each region. We use the estimation results as a proxy for undesired outputs, as shown in Table 1.



The explanatory variables in Model (2) are the GTFP levels in China. The calculation method is the same as that of the explained variables in Model (1), and, after referencing previous research [50,51], we selected the indicators presented in Table 2.



As per the SBM model and ML index, and based on Maxdea 5.2 software, the present study conducts a computation for the GTFP1 of the manufacturing sector of China and GTFP2 for the entire industry for the period from 2000 to 2022. The respective calculations are outlined in Figure 1. The findings indicate a higher level of GTFP2 in industry overall as compared to the manufacturing sector GTFP1. Over time, the level of green optimization of the whole industry has gradually improved. Heavy industry dominates China’s manufacturing industry, where most enterprises implement a high-input rough development mode, characterized by high resource and energy consumption, low productivity, and substantial waste discharge. From 2006 to 2009, the manufacturing industry experienced a decline in GTFP1. Furthermore, the rapid growth of industrial enterprises during this period and the traditional focus on economic interests hindered sustainable development due to weak environmental awareness, high energy consumption, high levels of pollution, and low efficiency and output. As of 2010, China’s manufacturing sector has been focused on achieving high-quality development and undergoing transformation and upgrading. However, these efforts are currently focused on the middle and downstream parts of the manufacturing industry chain; this results in poor foundations and shortcomings in the high-end and core aspects of the industrial chain, creating a predicament for China’s manufacturing sector.



The explained variable in Model (3) is the GTFP of the twenty other Asian countries under consideration. The measurement method is the same as that for the explained variables in Model (1). After referring to existing studies [9,52], we measured the capital inputs in terms of the annual capital stock of each country. We adopted the perpetual inventory method to depreciate capital inputs, and we determined the depreciation rate to be 6% per year; finally, we deflated the data results to obtain the actual data. The size of the working population is the variable that responds most directly to a country’s labor input and is one of the most important indicators of a country’s level of economic development. Therefore, in this model, we take the number of all laborers in each country in the corresponding year to measure the labor input and the desired output in terms of GNP. As byproducts of economic growth, pollutants such as CO2 and sulfide emissions serve as an indicator of the environmental impact caused by this development. We choose CO2 emissions as the non-desired output. The specifics are displayed in Table 3.




3.2.2. Core Explanatory Variables


We refer to the previously established practice [53] of using the composite index of the digital economy to represent the core explanatory variables of Models (1) and (2). The entropy weight method is then applied to gauge the composite score.



In keeping with the concept of digital economy, this study adheres to the rudiments of relevance, representativeness, and accessibility, drawing on the scholarly contributions of Jiao’s research [54] to establish a comprehensive set of seven indicators and using the entropy methodology to gauge the degree of the digital economy in 20 Asian countries.



The specifics are displayed in Table 4 and Table 5.



The present study conducts a focused analysis of the temporal trajectory of China’s digital economy spanning the period 2000–2022, as visually represented in Figure 2. Digitization advanced from a modest 0.018 in 2000 to the exalted level of 0.430 in 2022. As cutting-edge technologies continue to be employed, the prominence of China’s digital economy is on the rise. Over the years, the digital economy’s contribution to the national GDP has grown substantially, further solidifying its place as one of China’s most significant economic pillars. According to recent data from the China Academy of Information and Communications Technology, the scale of the digital economy has displayed continuous and dynamic expansion in recent years. Projected to rise from CNY 22.6 trillion in 2016 to CNY 50.2 trillion by 2022, it will represent more than 40% of the country’s GDP.



As shown in Figure 3, the level of digitization and the GTFP of the manufacturing industry were studied in various provinces across China. The results indicated that Beijing exhibited the highest level of digital economic development when compared to other regions in the country. Additionally, significantly higher levels of digitization were observed in the eastern coastal region than in the central and western regions. The findings pertaining to GTFP revealed that the majority of provinces exhibited medium to high levels of GTFP, with the exception of the central region, which exhibited a lower level of GTFP. Influenced by factors including geographical conditions, resource availability, and its industrial foundation, the industrial composition of the central region has consistently exhibited a predilection toward heavier industries. This disproportionate representation of heavy industries within the total industrial output value results in significantly heightened environmental pressures that surpass those observed on the national scale.



As shown in Figure 4, the digital economy and green development levels of 20 countries situated along the Belt and Road were analyzed. Notably, Singapore demonstrated the highest digitization level of 0.87, while Pakistan’s digital economy development level was only 0.01, resulting in a digital schism that cannot be overlooked. Moreover, the majority of countries demonstrate a digital development index of less than 0.23, indicating weak digital infrastructure construction and a serious lag in digital development. Overall, Asian Belt and Road countries remain at a lower–middle level in terms of the digital economy, and the digital divide is substantial. Additionally, the country with the highest GTFP level among the 20 countries is Jordan, while Iran has the lowest GTFP level. The overall green level of these 20 countries is at the upper–middle level.




3.2.3. Control Variables


Industry structure upgrading, government financial behavior, environmental regulation, the industrial scale, and technological innovation capabilities all have an impact on GTFP [55,56,57]. In Models (1) and (2), the control variables include: the degree of the industrial structure (is). To determine the overall scores for industrial rationalization and industrial upgrading, in this study, we use the entropy weight method and assess labor productivity in every province to measure the level of the local industrial structure. We use the provincial government fiscal expenditure/GDP to represent government actions (gov). We use the provincial industrial pollution investment/GDP to represent environmental regulation (en). The number of patents issued in each province is used to illustrate technical innovation (ino). For the regional industrial scale (sca), there is no uniform standard presented in the literature. In this study, the regional industrial scale is expressed using the value added of industry by province.



In Model (3), the control variables include the following. First, there is the level of the industrial structure (is), which this paper measures using the manufacturing value added/GDP for each country. For government actions (gov), we use the proportion of general government expenditure to GDP in each country. This paper uses the national environmental performance index published by Yale University to represent environmental regulation (en). We use the number of patent applications in various countries to represent technological innovation (ino). Furthermore, this paper uses the industrial added value of each country to represent the regional industrial scale (sca).




3.2.4. Threshold Variables


Human capital not only enhances the ability of the local region to develop high-quality resources, but it also increases the environmental awareness of the local people, thus facilitating green development [58]. One factor that affects the promotion of greenery is trade, both in terms of imports and exports [59,60]. In this research, we use the proportion of the number of undergraduates and junior colleges in China’s provinces to the gross population to measure human capital (ed). This study also calculates the manufacturing trade competitiveness index (tc). The manufacturing trade competitiveness index (tc) assesses the proportion of a region or country’s manufacturing foreign trade balance in relation to the entire aggregate foreign trade. The descriptive statistics for Model (1), Model (2) and Model (3) are shown in Table 6 and Table 7 respectively.



Data sources: the EPS database, WDI database, BP World Energy Statistical Yearbook, World Bank database, and Penn World Table.






4. Empirical Results and Analysis


First, this paper collects panel data from 2008 to 2019, covering 30 provinces in China, excluding Hong Kong, Macao, Taiwan, and Tibet. We perform a regression analysis on benchmark Model (1) to examine the digital green function of China’s manufacturing industry. We then examine the threshold effect of the digital economy on China’s manufacturing GTFP. Second, we calculate the GTFP of each province in China from 2008 to 2019, using the same situation that we used in Model (1) to construct Model (2) for the regression analysis, and discuss the difference between the regression results obtained and the regression results of Model (1). Third, this study compiles the 2008–2019 panel data covering twenty Asian countries (i.e., Bangladesh, Brunei, Cambodia, Cyprus, India, Indonesia, Iran, Israel, Jordan, Lebanon, Malaysia, Oman, Pakistan, Philippines, Singapore, Sri Lanka, Thailand, Turkey, Kazakhstan, and Kyrgyzstan) and conducts a regression analysis of Model (3). Finally, we compare these regression results with those of Model (2).



4.1. Stationarity Test


To avoid the error caused by spurious regression, this paper first carries out the following three-unit root tests for the panel data on the benchmark Model (1). When the p value is at the 1% level, the data are stable. Table 8 displays the results.




4.2. Analysis of the Empirical Results


Using the Stata 17 application, we found that the absence of control variables, as demonstrated in Column (1) of Table 9, illuminates the positive and statistically significant impact of the level of digital economic development on the GTFP of the manufacturing industry in China. Previous research has shown that the expansion of the digital revolution not only contributes to output growth and economic productivity but also represents a low-carbon and ecologically sustainable impact, unlocking its green potential, as exhibited in two specific aspects. Initially, productivity is increased through newer iterations of digital machinery and technology. Second, the digital platform effect has the potential to reduce transactional frictions between manufacturers and buyers, spanning temporal and spatial boundaries to enable trading opportunities at any time and in any place, thereby enhancing the efficiency and effectiveness of supply chain systems for increased output. It has been observed that, when comparing the impact of model (1) with that of model (2), the coefficient for the digital economy’s effect on manufacturing GTFP is smaller in magnitude than that of China’s industry-wide GTFP. The digital economy has the potential to enhance the green value of the manufacturing sector; however, its full potential has yet to be realized. Additionally, the influence of the is on China’s manufacturing GTFP is represented by an impact coefficient of −0.132. However, this result is not significant, which may be due to unreasonable industrial structures and the lack of a new driving force in China’s manufacturing industry structure at present. There is still plenty of room for development [61], and the promoting effect on green development is not obvious. The GTFP of Chinese manufacturing is influenced by the gov, as demonstrated by the impact coefficient of −1.273. In contrast to column (4), the outcomes are not conspicuous in column (2). These results may be attributed to the government’s fiscal expenditure priorities during the early stages of the development of China’s manufacturing industry, which mainly targeted energy-intensive, highly polluting heavy industries and related sectors. Moreover, the government’s policies for the manufacturing industry lack scientific rigor, and the formulation thereof is inadequate in terms of specifying policies aimed at balancing environmental protection and industrial optimization. The impact coefficient of en on China’s manufacturing GTFP is 18.15. The current environmental regulations have a favorable impact in terms of boosting improvements in the GTFP of manufacturing, which results in a harmony between the economy and the environment. The impact coefficient of ino for the GTFP of China’s manufacturing sector is 0.00612. In comparison to the wider industry, it is inferred that technological innovation does not make a substantial contribution to GTFP within China’s manufacturing sector. The manufacturing landscape in China exhibits a conspicuous preponderance of medium- and low-end industries and is lacking in the adoption of efficacious and ecologically friendly cutting-edge technologies, thus constraining the attainability of high-quality development. The study’s findings indicate that there exists a statistically significant negative relationship between the sca and the GTFP of the Chinese manufacturing industry. With an impact coefficient of −0.189, our results suggest that the agglomeration of energy-intensive industrial manufacturing industries in large-scale industrial regions poses a substantial challenge to achieving green development goals.



As per the findings presented in Model (3), the digital green potential of 20 Asian countries located along the Belt and Road remains limited. Our findings are also in line with those of Wang and Ren’s research [9]. As a consequence, the degree of digital green empowerment varies significantly between sectors and countries. While the quality of the digital transformation is evident in China, with the release of a digital dividend that enriches various industries and the implementation of eco-friendly practices, the majority of countries along the Belt and Road have fallen behind in terms of digital economic development, thereby presenting a significant digital divide that hinders green development. Based on a comparison of the outcomes displayed in columns (4) and (6), the research findings reveal that the green development of these countries is hindered by the illogical industrial structure. This constraint is likely to arise from the excessive resource exploitation and environmental pollution conflicts that have progressively become more apparent due to the acquisition of labor-intensive and heavy chemical industries from other developed countries. In addition, the absence of policy support for environmental optimization in these nations has resulted in adverse environmental impacts. Moreover, the nations situated along the Belt and Road corridor exhibit limited innovation potential, and the insufficient governance and investment in environmental protection by their respective governments imply that the promotion of sustainable and healthy development has reached an impasse.



In the initial phase of digital economic development, inadequate digital infrastructure and technological backwardness hindered the full realization of its green value, producing limited resources and energy consumption during the development process. Thus, digital empowerment requires an extended period of time for technological accumulation and if its green value is to be maximized. Table 10 shows that, when regressing the second-order lagged variable de with Models (1), (2), and (3), the coefficients of GTFP1 and GTFP2 significantly increase, and GTFP3 increases from −0.396 to 0.0276. These results reveal a significant lagging effect of the digital green empowerment, aligning with Wei and Hou’s conclusion [62]. Therefore, the digitization of green penetration requires prolonged development and progress to realize its effective role in the economy. Additionally, regarding the digital economy of Belt and Road countries with respect to ecological advancement, a notable U-shaped nexus of constraint and subsequent facilitation exists. To unlock the potential of the digital economy in relation to environmental friendliness, the advancement of GTFP necessitates sacrifices from the nations along the Belt and Road in terms of limited resources and investment costs.




4.3. Endogeneity and Robustness


To alleviate the interference of potential endogeneity problems in the regression results, we adopt instrumental variables and the 2SLS method to test the robustness of the results of benchmark Model (1). Drawing on previous approaches, we select the cross-product term of the number of cell phones in each province at the end of 1998 and the number of internet broadband access subscribers in each province in the previous period of the sample year. This serves as the instrumental variable [56]. As historical data, the number of cell phones by province at the end of 1998 would not have a direct and significant influence on current Chinese manufacturing GTFP, satisfying the condition of exogeneity. Additionally, there is a clear link between the advancement of internet technology and the rise of the digital economy, and, in general, provinces with a higher penetration of mobile devices are more likely to reach a better level of internet technology and digital economic development, which satisfies the correlation condition of instrumental variables. In Table 11, Column (1) displays a positive correlation between the instrumental variables and the primary explanatory factors, indicating a strong association between the two. Additionally, in Column (2), the core explanatory variables and the explanatory variables show a positive contribution. These results indicate that the study results presented above are robust.



In addition, to avoid the effect of the sample time selection, after randomly excluding the samples from 2013 and 2016, we performed the benchmark regression of Model (1) again, further validating the robustness of our research.




4.4. Threshold Effect


In Table 12, we examine threshold effects using a single-threshold model, with the threshold variables of human capital and the trade competitiveness index. The results reveal that both of them successfully pass the single-threshold test.



As shown in Table 13, the estimated coefficient pertaining to the digital economy exhibited a near-twofold increase upon exceeding the threshold value of human capital, indicating statistical significance at the 1% level. These outcomes lend credence to the assertion that augmented human capital can serve to amplify the effectiveness of the digital green effect. The digital revolution underscores the importance of creating a vast repository of skilled talents, with the cultivation of human capital serving as a viable means of providing the requisite intellectual backing to the digital transformation. High-level talent can facilitate the effective utilization of digital innovation and drive digital change, resulting in a substantial improvement in production efficiency, ultimately leading to greening.



According to the above findings, the quality of the green transformation of the digital economy is contingent on the level of the trade competitiveness index. When the trade competitiveness index falls below a certain threshold, the unfavorable influence of the digital economy on green development is inconspicuous. However, as the trade competitiveness index crosses the threshold, the digital green effect becomes visible. In the initial phase of manufacturing trade development, competition tends to be excessive due to a small trade scale, weak manufacturing trade competitiveness, and high levels of similarity in the trade product structure, resulting in an adverse effect on green development. Nevertheless, opening up opportunities for trade leads to an increase in manufacturing trade competitiveness, drawing in foreign firms with advanced digital technology and capital accumulation, which drives the spread of multinational companies, eventually promoting the level of green development of the host country. As the competitiveness of manufacturing trade reaches a certain level, various ministries compete in green technological innovation with the aid of digital technology, thus ensuring the fulfilment of long-term green goals.





5. Conclusions and Recommendations


5.1. Conclusions


(1) China’s industries have seen a respectable rise in GTFP levels as a result of the digital revolution. However, this expansion has had a detrimental effect on the green development of the 20 countries along the Belt and Road. Importantly, the consequences of the digital economy have shown remarkable variety across various industries and nations.



(2) After comparing manufacturing to industry as a whole, the study concludes that the digital green effect on the manufacturing industry is smaller than that on the whole industry, and there remain opportunities for the development of the former sector. This shortfall is attributed to various factors, including the need for adjustments to China’s manufacturing industrial structure and the scientific prioritization of government financial spending towards environmental protection and industrial optimization. Although China’s manufacturing industry is extensive in scale, a large portion of its industries operate at insufficient levels. These lower levels lack the capacity for innovative practices and advanced technology.



(3) To examine the diversity of the digital economy across different countries, the article selects 20 other Asian nations for analysis and discussion. As per the comparative analysis of China’s developmental trajectory, it is evident that there is a significant digitalization disparity within Belt and Road countries, with the majority of them trailing behind in the digital economy and having difficulty realizing its value. The rationale behind this situation is rooted in nonsensical industrial structures, insufficient policy support for environmental management, and a lack of capacity for innovation, ultimately obstructing sustainable and robust development within these countries.



(4) The digital economy showcases a distinct lag effect. It has been observed that, after a lag of two periods, there was a remarkable improvement in the green level of China’s manufacturing industry and the overall sector. However, it has a “U”-shaped impact on GTFP in the other 20 countries. The process of digitalization necessitates a protracted duration of accumulation and penetration if green empowerment is to occur.



(5) Both human capital and trade competitiveness exert threshold effects in the model. The availability of highly qualified workers is vital for unleashing digital dividends, driving the industrial sector’s growth in terms of environmental sustainability. Additionally, trade competitiveness drives the relationship in a U-shaped direction.




5.2. Recommendations


The present state of China’s manufacturing sector is characterized by its large scale but weak competitiveness. First, strengthening core technological research and development is of paramount importance, particularly in enabling the integration of new intelligent technologies into production capacity. Precision policy funding support specifically for the manufacturing industry should be provided by the government to encourage the digitalization of industrial clusters. Effective guidance from the government should also be provided for businesses, promoting high-tech, green, and intelligent development through a focus on research and development. Second, recruiting top talents and highly skilled technical workers for industry is vital, with measures put in place to enhance the quality of human capital. These measures include regular training on advanced technologies, increased investment in research and development, and technology subsidies for research and development personnel. Third, the optimization of resource allocation is also crucial, including improvements in the allocation of labor and capital within the industry. It is essential to integrate industry resources efficiently and boost the iteration and updating of the industrial chain. Optimizing collaboration between upstream and downstream partners in the manufacturing industry’s supply chain is crucial in achieving the desired regional industrial collaborations. Finally, encouraging manufacturing companies to participate in international competition and import advanced technologies and management expertise will help to improve China’s manufacturing industry’s technology and product quality, increase foreign trade, and promote international competitiveness.



Countries along the Belt and Road need to address environmental issues such as ecological vulnerability and resource depletion by implementing targeted environmental policies, developing a circular economy, and improving resource utilization efficiency while prioritizing technological innovation and low-cost, high-efficiency, and low-carbon technologies. Additionally, building a clean system is crucial. Moreover, it is recommended that these countries develop digital industry clusters, introduce supportive policies, and attract technology-oriented companies and qualified human resources. Facilitating cluster collaboration within countries via a digital operations platform is essential. Lastly, continual efforts must be made to develop a high-quality Belt and Road and to deepen cooperation between countries. Countries should deepen economic and scientific cooperation, bridge the digital and economic divide, and achieve mutually beneficial cooperation.
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Figure 1. The GTFP1 of the manufacturing industry and the GTFP2 of the whole industry from 2000 to 2022. 
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Figure 2. Trends in China’s digital economy from 2000 to 2022. 
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Figure 3. Manufacturing GTFP and the digitization in Chinese provinces. 
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Figure 4. Level of greening and digitization in 20 Asian countries along the Belt and Road. 
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Table 1. GTFP measurements for the Chinese manufacturing industry.






Table 1. GTFP measurements for the Chinese manufacturing industry.





	
Category

	
Variables

	
Description






	
SInputs

	
Capital factor inputs

	
Manufacturing fixed-asset investment




	
Labor factor inputs

	
Number of manufacturing employees by region




	
Energy factor inputs

	
Estimated using the share of manufacturing sales output in the total industrial output of each region and the final industrial energy consumption.




	
Desired output

	
Manufacturing sales value




	
Undesired output

	
Manufacturing pollution emissions











 





Table 2. GTFP measurements for China by province.
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Category

	
Variables

	
Description






	
Inputs

	
Capital factor inputs

	
Fixed-asset investment




	
Labor factor inputs

	
Number of employees by province




	
Energy factor inputs

	
Energy consumption by province




	
Desired output

	
GDP




	
Undesired outputs

	
Four indicators, i.e., total industrial CO2 emissions, industrial SO2 emissions, industrial wastewater emissions, and general industrial waste, are used to build a comprehensive index of environmental pollution.











 





Table 3. The GTFP measurement system for the 20 Asian countries.
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Type of Indicator

	
Selection of Indicator

	
Indicator Unit






	
Input type

	
Capital stock of the host country

	
USD




	
Number of people in the workforce in the host country

	
per person




	
Desired output

	
GDP of the host country

	
USD




	
Non-desired outputs

	
CO2 emissions of the host country

	
kiloton











 





Table 4. Comprehensive development index for the digital economy in China.
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Primary Indicators

	
Secondary Indicators

	
Tertiary Indicators

	
Indicator Attributes






	
Digital economy composite development index

	
Internet penetration rate

	
Internet users per 100 people

	
+




	
Number of internet-related employees

	
Proportion of employees in computer services and software

	
+




	
Internet-related outputs

	
Total telecom services per capita

	
+




	
Number of mobile internet users

	
Number of cell phone subscribers per 100 people

	
+




	
Digital financial inclusion development

	
China digital inclusive finance index

	
+











 





Table 5. Indicators and meanings of the digital economic level of the twenty other Asian countries.
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First-Level Indicators

	
Secondary Indicators

	
Tertiary Indicators

	
Indicator Attribute






	
The level of development of the digital economies in countries along the Belt and Road in Asia

	
Informational infrastructure

	
Fixed telephone subscriptions (per 100 people)

	
+




	
Fixed broadband subscriptions (per 100 people)

	
+




	
Secure internet servers (per million people)

	
+




	
Enrollment in higher education (% of total)

	
+




	
Information technology outward competitiveness

	
Information and communication technology (ICT) product exports (% of total product exports)

	
+




	
High-tech exports (as a percentage of manufactured exports)

	
+




	
Share of exports (goods and services as a percentage of GDP)

	
+











 





Table 6. Descriptive statistical analysis of each variable in Model (1) and Model (2).






Table 6. Descriptive statistical analysis of each variable in Model (1) and Model (2).





	Variable
	Obs
	Mean
	Std. Dev.
	Min
	Max





	GTFP1
	360
	1.002
	0.269
	0.310
	1.925



	GTFP2
	360
	1.432
	0.360
	1.013
	3.628



	de
	360
	0.256
	0.200
	−0.122
	0.895



	is
	360
	0.248
	0.164
	0.0770
	0.999



	gov
	360
	0.00132
	0.00403
	−0.0126
	0.0639



	en
	360
	0.000993
	0.00130
	−0.00547
	0.00737



	ino
	360
	43,371
	68,929
	228
	527,390



	sca
	360
	8344
	7484
	300.6
	39,398



	ed
	360
	0.0188
	0.00552
	0.00744
	0.0389



	tc
	360
	0.2084767
	0.33
	−0.745678
	0.855014










 





Table 7. Descriptive statistical analysis of the variables in Model (3).






Table 7. Descriptive statistical analysis of the variables in Model (3).





	Variable
	Obs
	Mean
	Std. Dev.
	Min
	Max





	year
	220
	2014
	3.169
	2009
	2019



	country
	220
	10.50
	5.779
	1
	20



	GTFP3
	220
	0.978
	0.0909
	0.281
	1.286



	de
	220
	0.205
	0.220
	0.00983
	0.962



	is
	220
	15.75
	5.371
	3.885
	30.93



	gov
	220
	26.47
	9.440
	9.660
	51.19



	en
	220
	55.69
	12.10
	19.07
	87.04










 





Table 8. Unit root test for each variable in Model (1).






Table 8. Unit root test for each variable in Model (1).





	Indicators
	LLC
	FisherADF
	Hadri





	GTFP
	−10.1822 *** (0.0000)
	20.4110 *** (0.0000)
	−3.3805 (0.9996)



	de
	−0.5618 (0.2871)
	−2.5892 (0.9952)
	13.6611 *** (0.0000)



	is
	−7.9787 *** (0.0000)
	8.6716 *** (0.0000)
	6.0772 *** (0.0000)



	gov
	−4.3109 *** (0.0000)
	13.2759 *** (0.0000)
	15.7378 *** (0.0000)



	en
	−3.5441 *** (0.0002)
	11.4044 *** (0.0000)
	15.2590 *** (0.0000)



	ino
	−4.1721 *** (0.0000)
	−1.9335 (0.9734)
	15.7252 *** (0.0000)



	sca
	−9.5329 *** (0.0000)
	12.5293 *** (0.0000)
	15.8806 *** (0.0000)



	ed
	−7.5700 *** (0.0000)
	0.3405 (0.3667)
	19.2869 *** (0.0000)







Note: p values are in parentheses. *** p < 0.01.













 





Table 9. Comparative analysis of the regression results.






Table 9. Comparative analysis of the regression results.





	

	
Model (1)

	
Model (2)

	
Model (3)




	
VARIABLES

	
(1) GTFP1

	
(2) GTFP1

	
(3) GTFP2

	
(4) GTFP2

	
(5) GTFP3

	
(6) GTFP3






	
de

	
1.423 **

	
1.900 ***

	
4.522 *

	
3.572 **

	
−0.267

	
−0.396 *




	

	
(0.619)

	
(0.559)

	
(2.341)

	
(1.701)

	
(0.180)

	
(0.224)




	
is

	

	
−0.132

	

	
−0.000828

	

	
−0.570 ***




	

	

	
(0.419)

	

	
(0.423)

	

	
(0.122)




	
gov

	

	
−1.044

	

	
13.10 ***

	

	
0.068




	

	

	
(1.490)

	

	
(3.332)

	

	
(0.102)




	
en

	

	
18.15 *

	

	
−2.817

	

	
−0.00003




	

	

	
(10.25)

	

	
(13.00)

	

	
(0.002)




	
ln(ino)

	

	
0.00612

	

	
−0.130 ***

	

	
0.241




	

	

	
(0.0515)

	

	
(0.0383)

	

	
(0.0288)




	
ln(sca)

	

	
−0.189 ***

	

	
−0.124 *

	

	
0.537 ***




	

	

	
(0.0482)

	

	
(0.0713)

	

	
(0.120)




	
Constant

	
1.056 ***

	
2.573 ***

	
1.612 ***

	
3.639 ***

	
−0.0134

	
−0.388




	

	
(0.0456)

	
(0.503)

	
(0.142)

	
(0.549)

	
(0.0496)

	
(0.515)




	
Observations

	
354

	
354

	
360

	
360

	
220

	
220








Note: robust standard errors are given in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.













 





Table 10. Lagging behind of the digital economy (period 2).






Table 10. Lagging behind of the digital economy (period 2).





	

	
Model (1)

	
Model (2)

	
Model (3)




	
VARIABLES

	
GTFP1

	
GTFP2

	
GTFP3






	
L2.de

	
3.038 ***

	
5.146 ***

	
0.0276 *




	

	
(0.851)

	
(0.514)

	
(0.289)




	
Control variables

	
YES

	
YES

	
YES




	
Constant

	
2.712 ***

	
3.668 ***

	
0.0731 ***




	

	
(0.672)

	
(0.378)

	
(0.622)




	
Observations

	
300

	
300

	
200








Note: robust standard errors are given in parentheses. *** p < 0.01, * p < 0.1.













 





Table 11. Estimation results of the 2SLS method.






Table 11. Estimation results of the 2SLS method.





	
One-Step

	
(1)

	
Two-Step

	
(2)




	
VARIABLES

	
de

	
VARIABLES

	
GTFP