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Abstract


The world is currently experiencing an unprecedented period of disruption. Traditional theories of comparative advantage can no longer serve as the sole drivers for enhancing the international competitiveness of China’s manufacturing industry. In this new era, the future development of China’s manufacturing industry has become a pressing issue that demands immediate attention. With the rapid advancement of next-generation digital technologies and information and communication technologies, global digital trade has surged, emerging as a key engine of economic growth for countries worldwide. This trend undoubtedly presents new opportunities and platforms for strengthening the international competitiveness of China’s manufacturing industry. How China’s manufacturing industry can effectively leverage digital trade to secure a competitive advantage amid intensifying global competition has become a critical and urgent area of research. Using panel data from 31 provinces, autonomous regions, and municipalities in China spanning from 2012 to 2022, this study develops a comprehensive evaluation framework for digital trade and manufacturing competitiveness. It empirically investigates the impact and mechanisms through benchmark regression models, mediation effect models, and spatial econometric models. The findings reveal that digital trade has a significant positive impact on the international competitiveness of China’s manufacturing industry. The effect of digital trade on competitiveness is most pronounced in the eastern region and least evident in the western region. Additionally, foreign direct investment and technological research and development capabilities are found to indirectly enhance the international competitiveness of the manufacturing industry. Furthermore, digital trade exhibits spatial spillover effects, wherein improvements in manufacturing competitiveness within one province positively influence neighboring provinces. This study offers valuable theoretical and policy implications for evaluating the impact of digital trade on the international competitiveness of manufacturing and strategies for enhancing it.
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1. Introduction


Global manufacturing is undergoing a period of profound transformation. Relying on traditional comparative advantages is no longer sufficient to enhance the international competitiveness of the manufacturing industry in the new era. China’s manufacturing industry is characterized by being “large but not strong, and comprehensive but not resilient”, which remains a significant challenge. Enhancing the international competitiveness of the manufacturing industry is critical for China to strengthen its national power and achieve high-quality economic development [1]. Driven by the rapid growth of the digital economy and the transformation of traditional industries, digital trade, a new form of trade enabled by digital technology, has facilitated trade, reduced information asymmetry, and lowered trade costs. These advantages have triggered a profound transformation in how manufacturing is organized, fostering the development of service-oriented and digitalized manufacturing industries. Moreover, the rapid development of digital trade has provided new momentum for the manufacturing industry, improving its international competitiveness and offering an opportunity for Chinese manufacturers to advance to the middle range or high end and catch up with global competitors [2]. Additionally, the manufacturing industry plays a critical role in reducing carbon emissions and achieving carbon neutrality. As part of implementing ESG goals, Chinese manufacturing companies should emphasize the role of digital technology innovation. They should integrate the “green + intelligent manufacturing” development concept with ESG principles, encouraging the entire manufacturing supply chain to prioritize environmental governance, adopt innovation-driven development, and improve digital technology and product quality. Therefore, as a leading manufacturing country, China should seize the rare historical opportunity presented by digital trade. It should continuously introduce high-end services, better utilize advanced foreign service production factors, and leverage digitalization to foster high-quality development, remove bottlenecks in the domestic economic cycle, and enhance the international competitiveness of its manufacturing industry. The relationship between digital trade and manufacturing has been extensively studied by scholars. Currently, research primarily focuses on the definition, characteristics, and measurement of digital trade; the assessment of the international competitiveness of the manufacturing industry, and the role of digital trade in its development. The existing literature provides a crucial foundation for constructing a comprehensive evaluation framework for digital trade and the international competitiveness of the manufacturing industry. However, empirical research in this field remains limited, and further studies are needed to bridge the gap between theory and practice and deepen our understanding of the impact of digital trade on the manufacturing industry. Given this context, this paper will focus on the manufacturing industry, combining qualitative and quantitative analysis to theoretically explore and empirically test the impact of digital trade on its international competitiveness. The expected contributions are as follows: First, the paper uses the entropy method to construct a comprehensive evaluation framework with five dimensions: the foundation of digital trade, the digital technology environment, the potential of digital trade, the capacity of digital trade, and the digital trade industry. Then, the coefficient of variation method is used to assign weights and calculate the comprehensive index of international competitiveness of the manufacturing industry. Second, based on the platform-based, digitalized, intelligent, and inclusive characteristics of digital trade, factors such as digital platforms, digital technology, and capital are introduced to construct a theoretical system of mechanisms for enhancing the international competitiveness of the manufacturing industry through digital trade, providing a theoretical basis for further research on the international competitiveness of the manufacturing industry. Third, it verifies the non-linear impact of digital trade on the international competitiveness of the manufacturing industry, correctly characterizes the relationship between digital trade and the international competitiveness of the manufacturing industry, and provides a theoretical reference for formulating relevant industrial policies.




2. Literature Review


2.1. Research on Digital Trade


Currently, there is no internationally agreed-upon definition of “digital trade” or standardized statistical framework. This lack of consensus stems primarily from the challenge of delineating a clear boundary for the scope of digital trade, which highlights the limitations of existing classification systems in accurately identifying and distinguishing it. Scholars generally hold two distinct perspectives on the concept of digital trade: a narrow definition and a broader interpretation. The early definitions of digital trade were narrow in scope, with the subject matter limited to digital products and services. Weber (2010) defines digital trade as commercial activities that use the Internet and other electronic means to deliver valuable products or services [3]. Xiong et al. (2011) define digital trade as a business model based on the Internet and digital exchange technology that provides the digital electronic information required for interaction between suppliers and demanders and enables digital information to be the subject of trade [4]. In July 2013, the US International Trade Commission, in its report “Digital Trade in the US and Global Economy (I)”, limited the scope of digital trade to digital products and services, excluding physical goods [5]. However, the report “Digital Trade in the United States and Global Economy (II)” released in August 2014 emphasized the role of the Internet and appropriately broadened the scope of digital trade [6]. In August 2017, the US International Trade Commission once again defined “digital trade”, emphasizing that the mode of delivery of digital trade should be “digital delivery”, thus excluding most physical goods [7]. In March 2019, the OECD, WTO, and IMF released the Digital Trade Measurement Manual, resulting in a broad definition of digital trade. It proposes that digital trade consists of “digitally ordered” and “digitally delivered” goods [8]. Compared with the “narrow definition”, this definition covers more entities or goods that are traded digitally through information and communication technology (ICT). In the “White Paper on the Development and Impact of Digital Trade (2020)”, the China Academy of Information and Communications Technology defines digital trade as a form of trade in which digital technology plays an important role [9]. The most significant difference between digital and traditional trade lies in digitizing trade methods and trading partners. This development arises from innovations based on international frameworks for identifying digital trade. Specifically, the digitization of trade methods refers to the integration of digital technologies into international trade processes, resulting in transformations such as digital coordination, digital ordering, digital delivery, and digital settlement. Meanwhile, the digitalization of trade objects involves the conversion of elements, products, and services into data forms, which have become essential trade commodities. This shift extends the international division of labor from the physical world into the digital realm.



With the continuous updating and development of digital technology, digital trade, as the highest form of evolution of international trade in the digital age, has changed the original objects and methods of trade [10]. Compared with traditional trade, digital trade reflects new characteristics regarding trade motivation, mode, structure, trade objects, trade subjects, trade and division of labor organization forms, and trade supervision requirements [11]. From digital delivery to digital connection, it promotes larger-scale physical trade and effectively reduces information asymmetry in the trading process [12]. Digital trade has an advantage in reducing costs and increasing efficiency. Adopting more innovative methods helps companies save money and labor and reduce costs in all aspects of the enterprise, from supply chain to after-sales service, i.e., search costs, information costs, contract costs, supervision costs, data storage costs, and especially logistics costs [13], thereby improving production efficiency and enhancing enterprise competitiveness [14,15,16,17].



The measurement of digital trade statistics has always concerned policymakers and researchers in related fields. The main obstacle to measuring digital trade is the lack of an internationally recognized conceptual framework. As the connotation and denotation of digital trade have become more developed, two measurement methods corresponding to narrow and broad definitions have also been developed. One is based on the “narrow-caliber” concept of digital trade and is the “Grimm measurement method” proposed by American business expert Grimm (2016) [18]. The other is from the Digital Trade Measurement Manual jointly released by the OECD, WTO, and IMF [8], which proposes a more feasible general method for measuring digital trade based on the broad-caliber conceptual framework and is known as the “OECD–WTO–IMF measurement method”. In addition, Chinese scholars Jia et al. (2021) proposed the “dual-core–three-ring” conceptual framework for digital trade, constructed an indicator system for measuring the scale of digital trade, and developed a digital trade measurement method with the “actual digital delivery ratio” as the key [19]. Ma et al. (2022) constructed an evaluation index system for the development potential of digital trade powers from the dimensions of trade potential, digital market, digital trade structure, digital trade status, and digital trade environment [20]. They evaluated the development of digital trade in 59 countries. Other scholars constructed a digital trade index evaluation system based on digital trade data from 49 major global economies from 2014 to 2020. They used the entropy weight method to calculate the weight and applied descriptive statistical analysis and kernel density estimation methods to characterize the dynamic evolution of digital trade development in various countries [21]. Some scholars have also constructed evaluation indicators for the development level of digital trade, including five first-level indicators and fifteen s-level indicators: digital infrastructure, digital technology level, industrial digital trade level, digital industrial trade level, and trade potential [22]. Research on the measurement of digital trade is still in its infancy. However, it is firmly believed that as new trading parties and international digital trade measurement experiences continue to emerge, digital trade measurement methods will continue to be updated and refined.




2.2. Research on the International Competitiveness of the Manufacturing Industry


Research on the international competitiveness of the manufacturing industry focuses mainly on the measurement of indicators, influencing factors, and ways to improve. First, the measurement indicators of the international competitiveness of the manufacturing industry are constructed from multiple perspectives to assess the development of the international competitiveness of the manufacturing industry more systematically and comprehensively and thus more effectively promote its improvement. In international research on the measurement of the international competitiveness of the manufacturing industry, the diamond model was the first and most widely used to assess industrial competitiveness [23]. Scholars used the ECM model to analyze the international competitiveness of the Czech manufacturing industry using data from 13 manufacturing sub-sectors from 1995 to 2011 [24]. Using macroeconomic factors and business environment indicators that may impact a country’s competitiveness, an appropriate indicator evaluation system was established to analyze and study the main economic factors affecting the competitiveness of Central and Eastern European countries [25]. In addition, scholars used data from the United Nations Commodity Trade Statistics Database (UN Comtrade) to calculate comparative and competitive advantage indices for manufactured goods [26]. In order to ensure the objectivity and scientific nature of the results, other scholars have used multiple industrial competitiveness indicators to comprehensively measure the international competitiveness of the manufacturing industry from multiple perspectives [27] or have analyzed the competitiveness of China’s manufacturing industry using similar indicators [28].



With the rapid development of high-quality industries, it is essential to study the sustainable competitiveness of the manufacturing industry and its influencing factors. Many scholars have conducted empirical analyses of the various factors that affect the sustainable competitiveness of the manufacturing industry. The research results show that information technology is vital in all countries, but it is more effective in developed countries [29]. Empirical tests using panel data on China’s manufacturing industry also confirm that informatization significantly impacts the efficiency of technological innovation in China’s industry [30]. Moreover, the improvement of the comprehensive quality of FDI has a positive effect on breakthrough innovation by local enterprises. In terms of sub-characteristics, the positive effect of FDI with a high level of openness and a high level of social contribution is the most significant [31], and the negative impact of foreign investment access restrictions on manufacturing export competitiveness is greater than the positive impact of opening up trade in services [32]. Third, innovation not only improves the competitiveness of the manufacturing industry but also promotes the sustainable development of traditional manufacturing industries [33]. Independent innovation is the basis for enhancing the international competitiveness of industries, and open innovation is a critical path. The higher the degree of openness, the more significant the impact of independent research and development investment on industrial competitiveness [34,35]. In addition, industrial spatial correlation is increasingly likely to occur among members with similar levels of economic or trade openness. Some scholars have concluded from spatial econometric model analysis that the international competitiveness of manufacturing among network members is affected differently by the level of foreign trade openness, the utilization rate of free trade zone preferences, the stringency of rules of origin, and external shocks based on different spatial correlation rules [36].



In order to further enhance the international competitiveness of China’s manufacturing industry, scholars propose continuing to expand and open up to the outside world, enhancing the level of regional integration, and adhering to innovation-driven economic development from the perspective of domestic technological content [37]. It is also recommended to strengthen domestic investment in research and development and human capital, strengthen the leading position of state-owned capital in technological catch-up and talent cultivation, independently overcome core technologies, reduce external dependence on technology and critical components, improve the technological content and added value of manufacturing export products, save energy and reduce emissions, and rely on technology and efficiency to improve the quality of manufacturing development [38] and to continuously expand the comprehensive competitive and cooperative advantages formed by labor factors, open cooperation, infrastructure and industrial support, large-scale markets, and technological innovation [39]. Moreover, while continuously improving the independent innovation capabilities of the manufacturing industry, special attention should be paid to enhancing the fit between the digital economy and technological innovation, rapidly improving the international competitiveness of China’s manufacturing industry, and achieving high-quality development of the industry [40]. These research conclusions are of great theoretical and practical value for analyzing and understanding the competitiveness of the manufacturing industry.




2.3. Research on the Relationship Between Digital Trade and the International Competitiveness of the Manufacturing Industry


Initially, scholars, both domestic and international, focused on the impact of the Internet and information technology on the export competitiveness of the manufacturing industry. As informatization became the mainstream trend, scholars found that digital communication infrastructure is essential in reducing trade costs, promoting economies of scale, and facilitating knowledge accumulation [41]. Moreover, by measuring the concentration of various sub-sectors in China’s manufacturing industry, the dominant force behind the internetization of manufacturing sub-sectors was proposed [42]. It was also verified that the development of the Internet has cost-saving effects on manufacturing exports and enhances human capital [43]. The development of the Internet is considered one of the most critical factors influencing a country’s manufacturing innovation capacity and international competitiveness [44].



With the deepening of research, digital trade, as an emerging form of trade in the context of globalization, is reshaping the global economic landscape. In particular, in the manufacturing industry, scholars have found that the development of digital technologies not only promotes cross-border e-commerce and the digitization of supply chains but also influences export structures and industrial competitiveness to varying degrees.



(1) The Impact of Digital Trade on Export Structures



Digital trade, by facilitating the digitization of products and services, enables businesses to exchange a broader range of goods across borders via online platforms, thereby influencing export structures. Recent studies have extensively examined the significant effects of digital trade on export product categories, market distribution, and trade modalities. First, digital trade has led to a more diversified export structure. With the application of digital technologies, traditional export products (such as raw materials and primary processed goods) are gradually being replaced by digital goods (such as software, digital design, and creative content) [45]. This change allows developing countries to export higher value-added goods, no longer relying solely on low-cost manufacturing and raw material exports. Furthermore, digital trade helps small businesses and emerging markets integrate into global value chains, enabling them to export a broader range of products, especially high-tech goods that were traditionally difficult to export [46]. Second, digital trade has significantly affected the distribution of export markets. Tu et al. (2018) found that with the rise of cross-border e-commerce platforms, export markets are no longer limited to the major consumer countries of bulk commodities; more small and medium-sized economies can break geographic and cultural barriers through digital trade and enter new markets [47]. This shift has led to a more balanced export market structure, particularly in regions such as Southeast Asia, Africa, and Latin America, where digital platforms have greatly facilitated the globalization of local enterprises. Moreover, López-González et al. (2018) emphasized that digital trade has driven the growth of service trade, especially high-value-added digital services (such as software development, cloud computing services, and digital design), which have become a new driving force for exports [12]. Traditional manufacturing countries, such as China and India, are increasingly relying on digital technological innovation to drive the transformation and upgrading of their export structures.



(2) The Impact of Digital Trade on Industrial Competitiveness



The improvement of industrial competitiveness typically relies on enhanced production efficiency, innovation capacity, and market access, and digital trade has driven changes in the global competitiveness landscape through these aspects. First, digital technologies enhance the efficiency of information flow, capital flow, and logistics, helping businesses increase their competitiveness in global markets. Khan et al. (2023) noted that digitalized companies, through technologies such as big data analytics and artificial intelligence, not only optimize production processes and reduce costs but also respond to market demands in real time, thereby gaining a competitive edge in global markets [48]. For the manufacturing industry, digital technologies enable companies to quickly adjust production lines in response to changes in international markets, thereby enhancing their international competitiveness. Second, digital trade has reshaped the structure of global industrial chains and competition. Digitalization has fragmented the production process, and businesses no longer rely on traditional geographic advantages; instead, they choose the optimal production bases through a combination of global digital platforms and logistics systems [49]. This global distributed production model means that industrial competitiveness is no longer solely dependent on traditional resource endowments but on companies’ digital transformation and innovation capabilities. Digital production technology heralds the future of industrial development. Using digital tools to coordinate the value chain will significantly improve product quality, process efficiency, and international competitiveness [50]. Additionally, while promoting industrial upgrading, digital trade has facilitated the participation of small and medium-sized enterprises (SMEs), narrowing the competitive gap between large and small firms [51]. Digital platforms provide SMEs with opportunities to compete with large multinational corporations, allowing them to enter international markets using cost-effective digital tools and services, thereby enhancing the overall competitiveness of the industry.



In summary, there have been many studies on digital trade and the international competitiveness of the manufacturing industry at home and abroad. In the existing discussions, the importance of digital infrastructure, digital technologies themselves, digital platforms, digital ecosystems, enterprise capabilities, and resources [52,53] for the digital transformation of manufacturing enterprises through digital innovation cannot be ignored [54,55]. However, further research is needed on how digital trade can leverage its advantages to improve the productivity of manufacturing enterprises and enhance their international competitiveness. In this regard, this paper intends to draw on and incorporate relevant research results at home and abroad; analyze the direct and indirect impacts of digital trade on the development of the manufacturing industry based on the characteristic elements of digital trade; and propose research hypotheses. It will also analyze in depth the impact of digital trade on the international competitiveness of the manufacturing industry from both theoretical and empirical perspectives, based on the level of development of digital trade and the international competitiveness of the manufacturing industry. The results of the empirical analysis will then be used to propose ways to improve the international competitiveness of the manufacturing industry.





3. Theoretical Analysis of the Impact of Digital Trade on the International Competitiveness of the Manufacturing Industry


3.1. The Direct Impact of Digital Trade on the International Competitiveness of the Manufacturing Industry


3.1.1. Model Specification


According to Porter’s (1990) theory of competitiveness, the core of international competitiveness lies in a country’s or region’s productivity level, especially how optimizing production factors and enhancing innovation improve overall economic efficiency [23]. Krugman (1994) further proposed that international competitiveness is crucially dependent on improving productivity, reducing costs, and fostering innovation and technological advancement to enhance overall economic productivity and competitiveness [56]. However, due to the multidimensional and complex nature of international competitiveness, comprehensively describing its variations using a single mathematical model is challenging in practical research. Based on Krugman’s (1994) theory, Melitz (2003) [14] introduced the theory of heterogeneous firm trade, considering factors such as firm productivity and exploring the impact of productivity differences within the same industry on decisions related to market exit, export, and foreign direct investment (FDI). The research revealed that firms with lower productivity can only serve domestic markets, while those with higher productivity can expand into international markets through exports, indicating that productivity is one of the core factors determining industry competitiveness [14]. Therefore, the heterogeneous trade theory model effectively analyzes the productivity differences between countries and firms, providing a powerful tool for understanding and predicting changes in international competitiveness.



The China Academy of Communications defines digital trade as a form where digital technologies play a key role in trade, with the most significant difference from traditional trade being the digitization of both trading methods and traded objects. Digital factors, such as digital technology, digital infrastructure, data, and talent, constitute the foundational resources and production factors driving the development of digital trade. The impact of digital trade on international competitiveness is primarily realized through the input and optimization of digital factors. Continuous investment in digital factors can directly affect the international competitiveness of manufacturing by improving production efficiency, reducing costs, and driving technological innovation.



First, the widespread application of digital technologies has significantly improved production efficiency, particularly in intelligent manufacturing and automated production processes, where enterprises can achieve higher precision and lower labor costs. Through technologies such as big data analysis and cloud computing, firms can optimize production processes in real time, reduce resource waste, and further lower production costs while enhancing efficiency. Second, the ongoing development of digital infrastructure provides enterprises with more efficient platforms, enabling the effective allocation of global factors, data, and resources; reducing search and transaction costs; and improving production efficiency and technological capabilities, thereby strengthening the international competitiveness of manufacturing. Furthermore, data, as a crucial production factor, not only drive the modernization of traditional industries but also generate a productivity multiplier effect driven by big data. Through big data analysis, manufacturing firms can precisely identify production bottlenecks and market demand, optimize production processes, reduce costs, and improve efficiency [57]. Additionally, digital factors promote technological innovation, offering firms a broader space for innovation. Through technological upgrades and new product development, companies can continuously improve their technological capabilities and market adaptability, thus enhancing their competitive advantage in international markets.



In conclusion, the input of digital factors not only plays a role in reducing costs but also enhances innovation, improving the productivity of manufacturing enterprises and thereby strengthening their international competitiveness.



Based on this, this paper draws on the heterogeneous trade theory models from Melitz (2003) [14] and Fan et al. (2020) [58], incorporating digital factor input into the production function of manufacturing enterprises. The modified model is used to analyze the impact mechanism of digital trade on the international competitiveness of manufacturing.



The model specification is outlined as follows:



(1) Consumer Behavior



In the context of an international trade model under monopolistic competition, it is assumed that the utility function of a typical consumer in the export destination country j takes the following form:


    U   j   =   ∫   ω ∈   Ω   j     l n ⁡ [   λ   i j     ω     x   i j     ω   +   x  ¯  ] d ω  



(1)







In this model, the subscript   i     represents firms from the export source country, and   ω   denotes the product that firm   i   exports to destination country   j  . The products produced by different firms are differentiated, with product quality denoted by     λ   i j     ω    . The subscript   j   represents the export destination country, which has a consumer group denoted by     L   j    , and the set of products available for consumption by these consumers is denoted by     Ω   j    ;     x   i j     ω       represents the consumption quantity of product   ω   by consumers in country   j  . Specifically,     x  ¯      is a positive constant that reflects the initial consumption of non-imported products by consumers in country   j  . Given the budget constraint, solving for utility maximization yields the demand function for product   ω   by consumers in the destination country:


    x   i j   ( ω ) =   L   j   [      E   j   +   x  ¯    P   j       N   j     + p   i j   ( ω )      −      x  ¯      λ   i j     ω      ]  



(2)







In this model,     p   i j   ( ω )   represents the price of product   ω   exported by firm   i   to destination country   j  .     E   j     denotes the total budget expenditure of consumers in country   j   on all products.     N   j     represents the total number of product varieties available for consumption in country   j  .     P   j     is the aggregate price index of all imported products in country   j  , given by the following:


    P   j   =   ∫   ω ∈   Ω   j     (        p   i j   ( ω )   (   λ   i j     ( w )      ) d ω  



(3)







This study assumes that     x  ¯   ,     L   j   ,       E   j   ,       N   j   ,   and     P   j     are given exogenously.



(2) Producer Behavior



Given the demand function in Equation (2), the profit function for firm   i   exporting product   ω   to destination country   j   is expressed as follows:


    π   i j   ( ω ) =   L   j       p   i j     ω   −   c   i j     ω     [      E   j     +   x  ¯  P   j       N   j     + p   i j   ( ω )      −      x  ¯      λ   i j     ω      ]  



(4)




where     c   i j     ω       represents the marginal cost of firm   i   in producing product   ω  . Firms set prices to maximize their profits. By differentiating Equation (4) with respect to     p   i j     ω     and solving the first-order condition for profit maximization, we obtain the following:


    p   i j   ( ω ) =   B   j        c   i j     ω   λ   i j     ω     



(5)




where     B   j   =       E   j     +   x  ¯  P   j       N   j     x  ¯          is a constant. For simplification, we assume     x  ¯  = 1  . Substituting Equation (5) into Equation (4) yields the following equation:


    π   i j   ( ω ) =   L   j     [   B   j   −       c   i j     ω       λ   i j     ω       ]   2    



(6)







Equation (6) shows that a firm’s profit depends solely on the ratio of marginal cost to product quality. Following Feenstra et al. (2014) [59], we define the ratio of marginal cost to product quality as the “quality-adjusted cost”. Consequently, the firm’s profit maximization problem is equivalent to minimizing the quality-adjusted marginal cost.



(3) Digital Factor Inputs and Production Technology



In a monopolistic competition market, we assume that firm   i   uses the following production technology to produce one unit of product   ω   with quality       λ   i j   ( ω )   (for simplicity, the subscripts for the firm and destination country are omitted below):


  λ   ϕ , α , β   =   [ ϕ   (    β D   α    )   α       (    X   1 − α    )   1 − α     ]      1   φ       



(7)




where   D   represents the digital factor input required for production, and   X   represents other production factors, such as labor, capital, and non-digital intermediate goods.   α   denotes the share or intensity of digital factor input in the firm’s production, where     α ∈ ( 0,1 )  . This reflects the level of digitalization in the firm’s production; the higher the value of   α  , the greater the level of digitalization. This study primarily focuses on multi-product firms. Following Mayer et al. (2014) [60],   ϕ   represents the firm’s productivity, with the distribution function   G ( ϕ )  , where the interval is (    ϕ   m i n    ,+∞).   φ > 1   measures the degree of product quality differentiation, with larger values of   φ   indicating smaller degrees of differentiation.   β   represents the innovation efficiency of digital factor   D   (  β > 1  ); the larger the value of   β  , the more innovation benefits can be derived from each unit of digital input.



First, from the firm’s production process perspective, digital factor inputs help unlock the value of data, integrating automated production and information management and enabling the intelligent management of the entire product lifecycle based on data platforms. The firm can also quickly access relevant information on production, operations, and market conditions, enhancing internal control, improving decision-making efficiency, and reducing operational risks, thus improving innovation efficiency and productivity [61]. Second, digital factor inputs increase the likelihood of successful innovation, thereby fostering innovation within the firm [62], which in turn boosts the firm’s productivity. Therefore, considering the innovation effect of digital factor inputs on the enhancement of productivity in Equation (7), the firm’s final productivity is   Φ = ϕ   β   α    , where     β   α     represents the efficiency improvement of the firm’s digital transformation.



Assume that in the factor market, firms are price takers for the factors of production, with the price levels for digital factors and non-digital factors being     p   D     and     p   X    , respectively. For the firm’s digital factor input   D  , it can be further subdivided into domestic digital factor input     D   d     and foreign digital factor input     D   f    . Due to the presence of digital trade barriers, when firms import foreign digital intermediates, they must pay an additional markup. Therefore, the actual price of foreign-sourced digital intermediates consists of the production cost     p   D     and the digital trade barrier   τ ′  , i.e.,   τ ′   p   D    . The actual price that the firm pays for digital factor inputs is     ( D   d   + τ ′   D   f   )   p   D   / D  . Let   τ =   ( D   d   + τ ′   D   f   / D  . For the firm to undergo digital transformation, the following participation constraint must be satisfied:


  β >      p   D   τ     p   X      =   β   0    



(8)




where        p   D   τ     p   X        represents the price distortion between digital and non-digital factors, and     β   0     is the critical efficiency threshold for the use of digital factors. The implication of this equation is that the efficiency of digital factor input must be greater than the price distortion of the factors. Otherwise, the cost of digital transformation would be too high, and the firm would never recover its costs due to an unfavorable input–output ratio. Assuming the firm meets this condition, under the given product quality   λ ( ϕ , α , β )  , the firm’s input minimization for the production process can be solved, yielding the firm’s marginal production cost     c   P    , as follows:


    c   P     ϕ , α , β   =      p   D   α     τ   α     p   X   1 − α     λ   ϕ , α , β     φ     ϕ   β   α       



(9)







Additionally, when firms export products abroad, they must pay an iceberg-type variable cost   γ   per unit, where   γ > 1  , representing transportation, distribution, or other associated costs. Therefore, the firm’s marginal cost   c   can be written as the sum of the marginal production cost and the iceberg cost, i.e.,   c =   c   P   + γ  . Consequently, the quality-adjusted marginal cost is given by the following:


     c   λ      ϕ , α , β   =      p   D   α     τ   α     p   X   1 − α     λ   ϕ , α , β     φ − 1     ϕ   β   α      +    γ   λ     



(10)







As noted above, profit maximization requires firms to select the optimal product quality to minimize the quality-adjusted marginal cost. Thus, by differentiating the right-hand side of Equation (10) with respect to product quality   λ   and applying the first-order condition, the optimal product quality is derived as follows:


  λ   ϕ , α , β   =   (    γ ϕ   β   α     ( φ − 1 )   p   D   α     τ   α     p   X   1 − α      )      1   φ       



(11)







Substituting Equation (11) into Equations (5) and (9) yields the firm’s optimal pricing and marginal cost as follows:


  c   ϕ , α , β   =    φ   φ − 1    γ  



(12)






  p   ϕ , α , β   = B    φ (    γ   φ − 1    )      1   φ    + 1     (    ϕ   β   α       p   D   α     τ   α     p   X   1 − α      )      1   φ          



(13)







By solving Equations (12) and (13) simultaneously, the firm’s market competitiveness at equilibrium can be derived:


  M a r k u p   ϕ , α , β   =    p   c    = B      φ   − 1   (    φ − 1   γ    )   1 −    1   φ        (    ϕ   β   α       p   D   α     τ   α     p   X   1 − α      )      1   φ        



(14)







(4) Analysis of Balanced Results



To examine the impact of digital factor input on international competitiveness, the logarithmic derivative of   α   with respect to both sides of Equation (14) is taken, resulting in the following:


     ∂ l n M a r k u p   ∂ α    =    1   2 φ      ln  ⁡       β   p   X       p   D   τ        > 0  



(15)







The above equation indicates that digital factor input has a positive effect on enhancing international competitiveness.



Based on Equations (11)–(14), we can derive the following:


     ∂ M a r k u p   ∂ ( c / λ )    = −    B   2        [ φ  ⁡         φ − 1   γ           1   φ    − 1          ϕ   β   α       p   D   α     τ   α     p   X   1 − α          −    1   φ        ]   −    3   2      < 0 ,      ∂   ln  ⁡    c / λ       ∂ α    = −    1   φ      ln  ⁡       β   p   X       p   D   τ        < 0  



(16)







Equation (16) indicates that digital trade influences the international competitiveness of manufacturing by impacting the marginal cost of quality adjustments. As the level of digitization increases, the marginal cost of quality adjustments for manufacturing enterprises gradually decreases, thereby enhancing their international competitiveness. The key to this process is the widespread application of digital technologies, particularly big data and artificial intelligence. Existing research shows that digitalization can significantly improve a firm’s ability to acquire market information quickly, absorb advanced technologies, and effectively utilize digital services. This, in turn, stimulates the firm’s innovative momentum, enhances its research and development capabilities, and promotes rapid product iteration and quality improvement [63]. By accelerating product upgrades and improving quality, firms can enhance their competitiveness in the global market.



Furthermore, digital trade can improve production efficiency by lowering the marginal cost of quality products, thus enhancing international competitiveness. The reduction in production costs stems from two aspects: on one hand, digitalization improves a firm’s production coordination and operational management efficiency; on the other hand, firms can lower production costs by optimizing resource allocation and procurement management. It is worth noting that, although in the theoretical model, the iceberg cost of a firm’s export trade is considered fixed, numerous empirical studies have shown that digital trade can significantly reduce the iceberg costs associated with export sales [64]. This is mainly because digital trade alleviates information asymmetry in the market, reducing information search costs, matching costs, and communication costs, which enhances transaction efficiency, shortens the transaction process, and effectively reduces overseas agency and distribution costs through the establishment of digital platforms.




3.1.2. Mechanism Analysis


As fundamental resources and production factors driving the development of digital trade, digital elements directly influence the international competitiveness of manufacturing enterprises by improving production efficiency, reducing costs, and driving technological innovation.



First, the introduction of digital technologies has significantly enhanced the production efficiency of firms, especially in automated, intelligent, and precise production processes. Technologies such as cloud computing, big data, the Internet of Things, and artificial intelligence effectively optimize production processes, reduce resource waste, improve product quality, and thereby increase productivity. This improvement not only strengthens a firm’s international competitiveness but also helps it capture a larger share of the global market. Additionally, with the continuous proliferation of digital technologies, firms can more precisely adjust production processes and allocate resources more efficiently, resulting in sustained growth in production efficiency. This aligns with the previously discussed equilibrium result, where digital technologies, by lowering the marginal cost of quality adjustments and enhancing production efficiency, further strengthen a firm’s competitive advantage in the global market.



Second, the introduction of digital trade platforms, electronic payment systems, and information-sharing platforms has greatly improved the efficiency of cross-border trade, reducing intermediary fees, logistics costs, and time costs. Through digital methods, firms can reduce physical storage and transportation costs and further lower overall transaction costs by optimizing supply chain management and increasing transparency. Moreover, the application of digital platforms enables firms to directly connect with upstream and downstream supply chain partners and reduce intermediary links, thereby enhancing the efficiency and flexibility of the supply chain. This process significantly lowers the marginal costs in production and quality adjustments, enabling firms to enter international markets at more competitive prices, thus further increasing market share.



Third, enhanced technological innovation is a key driver of productivity improvement and cost reduction. The widespread application of digital technologies, particularly in fields like artificial intelligence, big data, and cloud computing, provides firms with more opportunities for innovation. By adopting these advanced technologies, firms can optimize production processes, improve product quality, and significantly enhance production efficiency through intelligent manufacturing and automated production lines while also reducing labor costs and error rates. These innovative technologies not only boost productivity but also effectively reduce resource waste, further lowering production costs. However, the effective application of digital technologies depends not only on the technologies themselves but also on the availability of high-quality talent to drive them. By cultivating and attracting skilled technical talent, firms can accelerate product development, optimize production processes, improve technical capabilities, and enhance innovation, thereby increasing their international competitiveness. Therefore, the combination of technological innovation and talent directly drives firms to achieve a technological leadership position and competitive advantage in the global market.



Finally, in terms of driving industrial transformation and upgrading, on the one hand, digital technologies, through automation and intelligent production systems, have optimized traditional production processes, enabling firms to increase production efficiency, reduce resource waste, and improve product quality. This process not only enhances firms’ immediate competitiveness but also lays the foundation for long-term development. On the other hand, digital trade provides platform support for the development of emerging industries, especially the rise of smart manufacturing and digital service industries. Through digital platforms, these emerging industries can accelerate technological innovation and redefine market models, driving overall technological progress in manufacturing. Moreover, digital trade allows traditional manufacturing industries to more flexibly adapt to changing global market demands. By adopting refined management practices and expanding international markets through cross-border e-commerce platforms, firms not only enhance their market responsiveness but also strengthen their adaptability to global markets. Therefore, digital trade drives the comprehensive transformation and upgrading of manufacturing industries, enabling firms to effectively improve production efficiency and product quality in the short term while continuously fueling long-term innovation, thereby enhancing their competitiveness in international markets.



In summary, digital trade, through the flow of digital technologies, digital infrastructure, data, and talent, directly affects key variables such as productivity, cost, and innovation capacity, thereby enhancing a firm’s competitiveness in the global market. Based on this analysis, the following hypothesis is proposed:



Hypothesis 1.

Digital trade contributes to the enhancement of the international competitiveness of manufacturing industries.







3.2. The Impact Mechanism of Digital Trade on the International Competitiveness of the Manufacturing Industry


3.2.1. Capital-Driven Effect


The rapid development of digital trade has crested new opportunities for the manufacturing industry, with foreign direct investment (FDI) playing a pivotal role. Foreign capital not only enhances the production capacity of domestic enterprises through capital inflows but also promotes the digital transformation and industrial upgrading of the manufacturing industry through technology introduction, supply chain collaboration, and talent acquisition.



(1) Technology Spillover Effect



Technology spillover is one of the most significant effects associated with foreign direct investment (FDI). The endogenous growth theory emphasizes that technological progress is the core driver of economic growth, and technology spillovers are a key mechanism for advancing industrial progress. Foreign capital not only provides direct financial support but also introduces advanced technologies, management practices, and innovative models, creating valuable opportunities for domestic enterprises to enhance their competitiveness. Foreign-invested enterprises bring these innovations into the domestic market through direct investments, collaborations, and mergers and acquisitions. In this process, domestic enterprises benefit from technological upgrades and improvements in management practices through knowledge sharing and spillover effects [65]. Specifically, when foreign-invested enterprises establish local production bases, they introduce advanced production technologies, driving innovations in management techniques, market strategies, and production processes. The flow of these technologies, management practices, and market knowledge fosters technological advancement and innovation across the industry and region. The technology spillover effect is not limited to direct collaborations between foreign-invested and domestic enterprises; it also extends to surrounding suppliers and related businesses, forming a broader industrial cluster that enhances regional competitiveness. For example, local production bases of foreign-invested enterprises typically drive improvements in technological standards, encouraging local suppliers to adopt more efficient production technologies and raising standards in areas such as raw material processing, product design, and quality management. As technological progress spreads throughout the upstream and downstream sectors of the industrial chain, this spillover effect gradually extends across the entire regional industrial chain, fostering high-quality economic development. Moreover, the technology spillover effect encourages domestic enterprises to continually innovate, boosting productivity and enhancing the overall innovation capacity and production efficiency of the region. Thus, the technology spillover effect from foreign investment not only promotes the direct growth of domestic enterprises but also drives industrial clustering and contributes to the sustainable development of regional economies.



(2) The Shift in Cross-Border Investment Motives



The rise of digital trade has significantly transformed the investment motives of foreign-invested enterprises. Traditionally, foreign direct investment (FDI) was primarily driven by resource acquisition and market expansion. However, the advent of digital trade has shifted these motives [66]. According to the transaction cost theory, digitalization has reduced information search, marketing, and transaction costs, thereby enhancing the efficiency of cross-border investments. As a result, investment motives have increasingly shifted from traditional resource- and market-driven factors toward industry digitalization and innovation.



On the one hand, digitalization has driven the transformation of cross-border investment motives, particularly in the manufacturing industry. Multinational corporations now focus not only on cost and market size but increasingly on the potential for digital transformation within enterprises. For instance, manufacturing enterprises with digital capabilities such as intelligent production and flexible management have become new targets for multinational investment. Through these investments, multinational corporations can not only enhance their technological capabilities but also gain a competitive edge in the global market while driving the optimization of industrial chains.



On the other hand, digitalization has increased the efficiency of managing cross-border investments. Enterprises no longer need to establish large-scale localized management systems in each market but can reduce management costs and complexity through remote management, digital platforms, and global resource allocation. For example, multinational corporations can use cloud platforms to monitor the operations of their global subsidiaries in real time, enabling them to adjust production and sales strategies promptly and further reduce risks associated with cross-border investments.



In summary, the rise of digital trade has fundamentally changed cross-border investment motives. Investment decisions by foreign-invested enterprises are no longer confined to resource acquisition and market expansion but are increasingly centered on digital transformation and technological innovation. This shift has not only enhanced the efficiency of cross-border investments but also driven the upgrading of global industrial chains and the technological advancement of domestic enterprises.



(3) The Introduction of Digital Talent and Innovation-Driven Growth



According to the human capital theory, technological progress and industrial development rely on the accumulation of knowledge and skills. The quality and quantity of talent are particularly critical in innovation-driven sectors, directly determining industry competitiveness. The rise of digital trade has accelerated the global movement of high-skilled talent, especially professionals with digital skills, technical expertise, and management experience. Through foreign direct investment (FDI), the manufacturing industry not only gains financial support but also attracts talent with advanced technological and managerial expertise. The introduction of these skilled individuals provides essential knowledge for technological innovation within manufacturing enterprises. Their efficient management models and innovative thinking further enhance the global competitiveness of these companies [67]. At the same time, the innovation-driven growth theory posits that innovation is the core driver of economic growth, and the foundation of innovation lies in high-quality human capital. Foreign-invested enterprises not only directly improve the technical and managerial capabilities of domestic companies but also bring new, innovative concepts and methods, driving the digital transformation of domestic enterprises in areas such as product development, production processes, and market expansion. This transformation not only strengthens the global competitiveness of domestic enterprises but also promotes the upgrading of industrial structures, helping companies better respond to rapidly changing market demands and technological challenges. Moreover, the presence of foreign-invested enterprises in local markets actively promotes the development of human capital in domestic enterprises. Through collaboration between multinational corporations and local companies, domestic enterprises are able to enhance their human resources through technical training, knowledge exchange, and talent mobility. These collaborations not only help domestic enterprises improve their management and technical capabilities but also strengthen their innovation capacity, further driving their sustainable development. Thus, foreign-invested enterprises, by driving the introduction of high-quality talent and deepening cross-border cooperation, promote the improvement of human capital and technological innovation in domestic companies, providing solid support for enhancing the global competitiveness of these companies.



(4) Supply Chain Collaboration and the Industrial Cluster Effect



In the context of digital trade, foreign-invested enterprises have not only driven local technological advancements through capital injection but also significantly enhanced the production efficiency and market competitiveness of domestic companies through global supply chain collaboration. The supply chain management theory posits that optimizing global supply chains improves resource allocation efficiency and fosters closer cooperation among upstream and downstream enterprises. As digitalization advances, the sharing of knowledge, technology, and experience within the supply chain has become crucial to improving corporate production efficiency and innovation capacity.



By establishing global supply chain networks, foreign-invested enterprises introduce advanced production technologies, management expertise, and innovative ideas, driving technological progress in domestic industries. The application of digital technologies, such as cloud computing, big data analytics, and the Internet of Things, has further enabled real-time information transmission, increasing the efficiency of supply chain operations. These technologies help foreign-invested enterprises optimize production planning, inventory management, and demand forecasting, which reduces waste, improves resource allocation, and boosts production efficiency. This digital supply chain model not only enhances the production efficiency of foreign-invested enterprises but also strengthens the technological, managerial, and operational capabilities of domestic enterprises.



Moreover, the collaboration between foreign-invested enterprises and domestic companies has further enhanced the industrial cluster effect. According to the regional economic clustering theory, synergies among enterprises within industrial clusters contribute to technological innovation, productivity enhancement, and global market competitiveness. In the digital age, foreign-invested enterprises not only provide capital and technological support but also help domestic enterprises share global market resources by establishing close industry chain relationships, thereby enhancing their competitiveness. The interaction between foreign-invested and domestic enterprises within global supply chains has driven the collaborative development of various supply chain links, accelerating the digital transformation of domestic enterprises and improving the overall innovation capability and production efficiency of the industry.



This supply chain collaboration and industrial cluster effect have not only strengthened the market competitiveness of domestic enterprises but also optimized global resource allocation. Through their global supply chain networks, foreign-invested enterprises help domestic companies enhance their production capacity and market responsiveness, thus improving the efficiency and competitiveness of the entire industrial chain. Therefore, the supply chain collaboration and industrial cluster effects brought about by digitalization have driven the modernization transformation of domestic industries and facilitated the rapid rise of domestic enterprises in the global market.



Hypothesis 2.

Digital trade enhances the international competitiveness of manufacturing by attracting foreign investment.






3.2.2. The Driving Effect of Digital Technology


With the rapid development of digital technology and the rise of digital trade, the competitiveness of the manufacturing industry is no longer solely dependent on traditional production capabilities and cost advantages. Instead, it places greater emphasis on technological innovation, the enhancement of research and development (R&D) capabilities, and the optimization of production efficiency. The application of digital technology has not only accelerated production processes but also significantly enhanced the international competitiveness of manufacturing through its profound impact on R&D, production efficiency, supply chain optimization, and market competition. The following analysis will explore how digital technology boosts the international competitiveness of the manufacturing industry by examining its roles in R&D, production efficiency, supply chains, and sales, supported by relevant theoretical frameworks.



(1) The Driving Role of Digital Technology in R&D



Digital technology accelerates the diffusion of technological innovations, drives the flow of technologies across borders, and subsequently enhances the R&D capabilities and innovation levels of manufacturing enterprises. The absorptive capacity theory reveals a critical capability of enterprises in technological innovation: the ability to absorb and transform external knowledge [68]. Driven by digital trade, manufacturing companies are able to rapidly access technological advancements on a global scale, which, in turn, accelerates R&D activities and improves efficiency. For example, through global digital platforms, manufacturing firms not only gain access to the latest product designs, smart manufacturing technologies, and automation equipment but also leverage digital tools such as the Internet and cloud computing to quickly incorporate these advanced technologies into their local production and R&D systems. As external technologies are introduced and knowledge is absorbed, enterprises can not only enhance their R&D capabilities but also localize and adapt existing technologies, further driving independent innovation and technological breakthroughs.



Furthermore, the innovation diffusion theory also provides theoretical support for this process. This theory posits that the diffusion of technology is an accelerating process, particularly in a digital context, where the efficiency of technology and knowledge dissemination is greatly enhanced [69]. With the promotion of digital trade, global innovation outcomes and technological advancements can spread across regions and enterprises in a much shorter time frame. This efficient diffusion of technology not only facilitates the absorption of new technologies by enterprises but also accelerates the promotion and application of technological innovations, raising the overall R&D level in the manufacturing industry. Moreover, under traditional R&D models, resource allocation is often constrained by time, space, and information asymmetry. However, digital technologies make resource allocation more efficient. Through big data and cloud computing, enterprises can access a wide range of information necessary for R&D in real time, including market demand, technological trends, and competitive dynamics, thereby providing data-driven support for R&D decision-making.



(2) The Role of Digital Technology in Improving Production Efficiency



In terms of improving production efficiency, digital technology has significantly boosted the productivity of the manufacturing industry by optimizing the allocation of production factors and enabling the intelligent management of production processes. According to the theory of production function, the efficient allocation of production factors is key to improving productivity. Digital technologies, such as big data analytics, artificial intelligence, and automation, provide enterprises with effective tools to optimize production processes. Through digital systems, businesses are able to monitor production progress in real time and precisely schedule resources such as equipment, personnel, and raw materials, thereby reducing time waste and resource idle time in production, which enhances overall efficiency [70]. Moreover, the theory of human–machine compatibility also provides theoretical support for the improvement of production efficiency. This theory suggests that the application of digital technologies not only replaces some traditional manual labor but also collaborates with human resources in certain areas, thereby improving production efficiency. The integration of artificial intelligence and automated equipment enables enterprises to complete more complex production tasks in a shorter time. This synergistic effect allows manufacturing enterprises to enhance production efficiency while simultaneously improving the work efficiency of their research and development departments. Furthermore, digital technology plays a crucial role in lean manufacturing. By continuously monitoring production data, companies can identify bottlenecks and inefficiencies in the production process and take timely measures for adjustment. The implementation of lean production not only improves production efficiency and reduces costs but also provides more resources for research, development, and market innovation.



(3) The Role of Digital Technology in Supply Chain Optimization



The role of digital technology in supply chain optimization mainly lies in enhancing the efficiency of information flow and improving collaboration across various stages of the supply chain. According to the supply chain coordination theory, efficient operation across supply chain stages can be achieved through information sharing and real-time coordination. The widespread application of digital technologies, particularly cloud computing and the Internet of Things, has eliminated the information delays and coordination inefficiencies inherent in traditional supply chain management, enabling all parties in the supply chain to share real-time data through digital platforms. This facilitates a more accurate response to market demand and production plans. A digital supply chain can track products in real time from raw material procurement through production and also predict market demand and production progress, enabling companies to prepare production in advance. With the aid of digital technologies, suppliers, manufacturers, and distributors can quickly adjust production plans while avoiding resource waste and production bottlenecks, thereby enhancing overall supply chain efficiency and responsiveness. Furthermore, digital technologies enable manufacturing enterprises to achieve precise inventory management, thereby reducing inventory accumulation and overproduction. This not only optimizes resource utilization but also improves the operational efficiency of the supply chain by lowering inventory costs. Moreover, digital supply chains promote seamless collaboration between global suppliers and distributors. Shen G. et al. (2020) highlighted that digital technology facilitates the smooth flow of knowledge and data both within enterprises and across upstream and downstream industries [71]. Through digital platforms, manufacturing enterprises can collaborate more efficiently with global suppliers, flexibly adjust production resources and distribution plans, and respond to the rapidly changing global market demand. This synergy in multinational supply chains enables manufacturing industries to adapt more flexibly to global market changes, thereby strengthening their competitive responsiveness.



(4) The Role of Digital Technology in Enhancing Market Competitiveness



The role of digital technology in enhancing market competitiveness is primarily reflected in optimizing market feedback mechanisms and enhancing a company’s ability to quickly respond to market changes. According to the market matching theory, timely feedback and the precise matching of information are key to improving market efficiency. In the digital age, the manufacturing industry can capture changes in market demand in real time through technologies such as big data analytics, social media monitoring, and consumer behavior tracking, enabling swift adjustments to product development directions and production plans. Digital technologies enable manufacturing enterprises to obtain more precise market demand data, allowing them to fully consider consumer-specific needs during the research and development stage. This market-driven R&D model not only enables manufacturing products to quickly respond to market changes but also allows for customization based on personalized consumer demands, enhancing both market adaptability and product competitiveness.



Moreover, the increased use of digital technology enables companies to accurately predict market trends and adjust product strategies based on instantaneous feedback, ensuring they remain at the forefront of both technology and market developments. In this process, digital trade has driven deeper integration and information sharing across global markets. Through digital platforms, manufacturing enterprises can establish closer connections with global consumers and partners, fostering technological innovation and product optimization. This global network not only enables companies to better track global technological trends and market demands but also overcomes geographical limitations, helping businesses expand into broader market spaces. The widespread use of digital technology further extends the high-end of the manufacturing value chain within the “smile curve” framework. Manufacturing is no longer solely reliant on low-end production stages but, driven by digital technology, strengthens high-value-added stages such as R&D, design, and brand development, thereby enhancing its competitive position in the global market [72].



Hypothesis 3.

Digital trade can enhance manufacturing’s international competitiveness by improving technological R&D capabilities.






3.2.3. Spatial Spillover Effect


The spatial spillover effect refers to the impact of economic activities, technological innovations, and other resource changes in a particular region or enterprise that not only affect the region or enterprise itself but also, through geographic or economic connections, influence the economic development, technological progress, and productivity of surrounding areas or other enterprises. The Marshallian externality theory, introduced by Alfred Marshall, is one of the most classic theoretical foundations for spatial spillover effects. This theory emphasizes the role of industrial agglomeration in promoting technological innovation and productivity improvement.



On the one hand, it leads to technological externalities and knowledge spillovers. According to Marshall’s view, when an industry agglomerates in a specific region, it fosters technological exchange and knowledge sharing among firms. This agglomeration not only concentrates technological progress and innovation but also facilitates the rapid spillover of technological and innovative achievements to surrounding areas, driving technological progress and industrial upgrading in neighboring regions. Under the context of digital trade, this effect is further strengthened. Digital trade, through cross-border e-commerce, online platforms, cloud computing, and big data technologies, breaks traditional geographical and physical barriers, reducing the costs of information transmission and technological diffusion. As a result, technologies, management experience, and innovative results can quickly spread from one region to another, thereby enhancing the depth and breadth of economic connections between previously unconnected regions [73]. Furthermore, as marginal costs of inter-sectoral linkages continue to decline, manufacturing enterprises benefit from an increasing marginal effect. This marginal effect promotes factor mobility, accelerates inter-regional exchanges and cooperation, and further strengthens the spatial spillover of knowledge and technology, driving economic growth in surrounding areas [74]. Specifically, in manufacturing, leading enterprises in one region can use digital means (such as cross-border e-commerce platforms, online collaboration tools, etc.) to transmit innovative technologies, production methods, and even management models to neighboring or multinational manufacturing enterprises. This can significantly enhance the production efficiency and product quality of enterprises in neighboring regions, thereby promoting technological upgrades and modernization processes in these areas. In addition, regions with rapid development of digital trade not only benefit from cross-regional resource integration and technology spillovers, enhancing the utilization of digital elements in surrounding areas and realizing regional coordination effects, but also facilitate the learning and adoption of advanced digital trade models by manufacturing enterprises in neighboring regions.



On the other hand, agglomeration effects occur. According to Marshallian externality theory, the geographical concentration of industries makes it easier for related enterprises and upstream and downstream sectors to share resources, information, and technologies, thereby improving the overall regional economic efficiency and industrial competitiveness. In the context of digital trade, the agglomeration effect has been expanded beyond physical distances. Digital platforms have created new possibilities for cross-regional and cross-national resource sharing and technological cooperation. With the widespread adoption of digital infrastructure (such as cloud computing services, data storage, etc.), manufacturing enterprises can more easily participate in global supply chains, access global market demand information, and share global technological and management resources. For example, leading regions in manufacturing can quickly provide enterprises in other regions with the latest product designs, process technologies, and management concepts through digital trade platforms. This digital agglomeration effect enables the technological spillover, originally confined to geographic agglomeration, to expand rapidly to broader regions, further enhancing the global competitiveness of manufacturing.



Hypothesis 4.

Digital trade generates spatial spillover effects that can enhance the international competitiveness of manufacturing in neighboring regions.








4. Analysis of China’s Digital Trade and Manufacturing Industry’s International Competitiveness


4.1. Measurement of China’s Digital Trade Development Level


Although China’s digital trade has a large scale of exports and imports and rapid export growth, there are still significant regional differences in digital trade. In order to accurately and objectively measure the gap in the development level of digital trade among China’s provinces, this paper, based on the connotation and characteristics of digital trade and existing research, follows the principles of comprehensiveness, availability, and comparability and refers to the approach of Ye (2024) [22] to construct an indicator system with five dimensions: digital trade foundation, digital technology environment, digital trade potential, digital trade capacity, and digital trade industry (see Table 1). The 31 provinces of China (excluding Hong Kong, Macao, and Taiwan) are used as the research object, and the period from 2012 to 2022 is selected as the research period. The entropy weight method is combined with the above evaluation indicators to comprehensively evaluate the development level of digital trade in each province of China. The data are sourced from the China Statistical Yearbook (2013–2023) to ensure consistency and validity.



4.1.1. Empowerment Based on the Entropy Weight Method


Drawing on the approach of Yao (2021) [75], the entropy weight method is used to measure the level of digital trade development in 31 provinces and cities in China. The entropy weight method is an objective weighting method that calculates the weight of an indicator based on the degree of variation in the indicator data of the evaluation object. This method uses the entropy value to determine the degree of dispersion of an indicator. The smaller the entropy value of an indicator, the greater its degree of dispersion (the more data, the more dispersed). Therefore, its weight, that is, its impact on the overall evaluation, is more significant, and vice versa. The reason for choosing this method is that the entropy weight method is an objective weighting method. Using it to determine the weight of evaluation indicators can avoid the shortcomings of traditional expert-based weighting methods, such as the FAHP method, which is susceptible to subjective adverse influences. The specific steps for determining weights based on the entropy weight method are as follows:



(1) Comparability of Indicators



A comprehensive evaluation is a statistical analysis process that involves aggregating and summarizing multiple complex indicators into a single composite indicator. Prior to aggregation and summarization, it is essential to perform standardized technical processing on each individual indicator to ensure comparability. The formula for the standardized calculation of indicator data is as follows:


  P o s i t i v e   i n d i c a t o r s :   λ   i j   =      Y   i j   −   min  ⁡      Y   j           max  ⁡      Y   j       −   min  ⁡      Y   j           



(17)






  N e g a t i v e   i n d i c a t o r s :   λ   i j   =      max  ⁡      Y   j       −   Y   i j       max  ⁡      Y   j       −   min  ⁡      Y   j           



(18)







In Equations (17) and (18),     λ   i j     is the indicator score of the     j   t h     indicator of the     i   t h     province,     Y   i j       is the original data of the     j   t h     indicator of the     i   t h     province in a particular year,   m a x     Y   j         is the most considerable value in the current year’s data of the     j   t h     indicator of the 31 provinces, and   m i n     Y   j         is the smallest value. For the positive indicator, the bigger, the better, and for the negative indicator, the smaller, the better.



Since the above indicators are positively related to the level of comprehensive digital trade development, we take the positive indicators in the construction of entropy weights, and the value of each type of indicator calculated by Formula (1) is     λ   i j    , forming the indicator matrix     (   λ   i j   )     n × m    , where   n   represents the number of sample provinces and   m   represents the number of evaluation indicators.



(2) Measuring objective weights       W   j    :


    W   j   =    1 −   E   j       ∑  j = 1   m      1 − E   j         



(19)







In Equation (19),     E   j       is the entropy value of the     j   t h     indicator, where     E   j   =    − 1   l n n      ∑  j = 1   n      P   i j       ln  ⁡    P   i j        ;     P   i j       is the distribution of the weight of the     j   t h     indicator among provinces, where     P   i j   =      λ   i j       ∑  i = 1   n      λ   i j         ; and   l n   0   = 0   when       P   i j     is 0.



(3) Calculation of       U   i     for each province in different years:


    U   i   =   ∑  j = 1   m      ( w   j     ×   λ   i j   ) ,   i ∈ ( 1,2 , … , n )  



(20)








4.1.2. Comprehensive Evaluation Measurement


The above steps were used to calculate the weights of the indicators for developing digital trade in 31 provinces and cities, such as Beijing, from 2012 to 2022, as shown in Table 2. As can be seen from Table 2, X2 has the most significant weight, accounting for more than 11%, followed by X1, X8, X9, X10, X11, X14, X15, X16, and X18, in that order, each accounting for more than 5%.



The development level of digital trade in 31 provinces and cities in China from 2012 to 2022 is comprehensively calculated based on the above indicator weights, which are ranked according to their average index, as shown in Table 3. From 2012 to 2022, the development level of digital trade in all provinces in China showed an increasing trend, consistent with the overall development trend of digital trade in China. Among the analyzed regions, Guangdong, Jiangsu, and Beijing ranked among the top three in terms of the development level of digital trade. Jiangxi had the fastest increase, rising from 21st place in 2012 to 14th place in 2022, while Inner Mongolia and Liaoning experienced negative growth. Inner Mongolia fell from 13th place in 2015 to 23rd place in 2022, while Liaoning fell from 9th place in 2012 to 18th place in 2022 (see Table 4).



According to the range of variation in the maximum serial difference, there are three development types: stable development (fluctuation between 0 and 1), fluctuating development (fluctuation between 2 and 3), and jumping development (fluctuation greater than or equal to 4). From the perspective of the fluctuation of the maximum sequential difference in the development of digital trade in China’s provinces (see Table 5), 12 provinces represent stable development types, 9 provinces represent fluctuating development types, and 10 provinces represent jump development types. The level of development of digital trade in China’s provinces is relatively stable. The distribution of the regional development of digital trade is basically in sync with economic development. Areas with a high economic level also have a better development of digital trade, while areas with a relatively low economic level have a relatively lagging development of digital trade.





4.2. Analysis of the Current Situation of the International Competitiveness of China’s Manufacturing Industry


4.2.1. Measurement of China’s Manufacturing Industry’s International Competitiveness


The overall quality level of China’s manufacturing industry is steadily improving, and its industry and regional quality development capabilities continue to improve. However, insufficient innovation, limited technology, low informatization, and a loss of comparative advantage have resulted in excess low-end manufacturing capacity in China that cannot meet high-end demand. Therefore, we should address China’s manufacturing industry’s production and trade competitiveness in the face of international market competition and tap the potential for competition. This paper uses the General Administration of Customs’ 2012–2022 statistical data to calculate four commonly used international competitiveness evaluation indicators: the market share index (MS index), the trade competitive advantage index (TC index), the Michaely fluctuation index (MI index), and the revealed comparative advantage index (RCA index). A longitudinal evaluation of the annual trends in the international competitiveness of China’s manufacturing industry is then carried out. Combined with the above evaluation indicators, a comprehensive evaluation of each province’s digital trade development level in China is carried out using the coefficient of variation method.




4.2.2. Weighting Based on the Coefficient of Variation


The coefficient of variation method solves the problems of subjectivity and differing units of indicators in weight calculation. The coefficient of variation method calculates the coefficient of variation of each indicator. It measures the fluctuation level of each indicator through variance and means to calculate each indicator’s weight. The specific steps of the coefficient of variation method are as follows:



(1) Calculate the Mean and Standard Deviation of Each Indicator



First, the average value     x ¯  i    of the     i   t h       indicator is calculated using Equation (21), where    x  i j     is the     j   t h       observation of the     i   t h       indicator, and   n   represents the number of observations.


    x ¯  i  =   1 n     ∑  j = 1  n    x  i j      



(21)







Next, the standard deviation    σ i    of the     i   t h       indicator is calculated using Equation (22), where    x  i j     is the     j   t h       observation of the     i   t h       indicator,   n   represents the number of observations, and     x ¯  i    is the average value of the     i   t h     indicator.


   σ i  =     1 n     ∑  j = 1  n     (  x  i j   −   x ¯  i  )  2       



(22)







(2) Calculate the Coefficient of Variation



According to Formula (23), the coefficient of variation    V i    of the     i   t h     index is calculated, where    σ i    is the standard deviation of the     i   t h     index, and     x ¯  i    is the mean value of the     i   t h     index.


   V i  =     σ i      x ¯   i j       



(23)







(3) Calculate the Weight of Each Indicator



According to Formula (24), the weight    W i    of the     i   t h       indicator is calculated, where    V i    is the coefficient of variation of the     i   t h     indicator and   m   represents the number of indicators.


   W i  =     V i      ∑  i = 1  m    V i        



(24)








4.2.3. Overall Evaluation


The weights of the four competitiveness indicators MS, TC, MI, and RCA for the manufacturing industry in 31 provinces, municipalities, and autonomous regions in China from 2012 to 2022 were calculated, as shown in Table 6. As can be seen from Table 6, the MS index has the most significant weight, followed by the TC index, MI index, and RCA index.



The coefficient of variation method was used to calculate the weights, the 2012–2022 China Manufacturing International Competitiveness Composite Index, and its ranking, as shown in Table 7. Table 7 shows that from 2012 to 2022, Guangdong, Jiangsu, and Zhejiang provinces consistently ranked as the top three in terms of the overall development of China’s manufacturing industry’s international competitiveness, with Guangdong ranking highest in overall international competitiveness. This is closely related to these three provinces being central industrial provinces. Guangdong is known for manufacturing consumer electronics, Jiangsu is most vital for photovoltaics and semiconductors, and Zhejiang is important for manufacturing “industrial mother machines”, i.e., metal cutting machine tools, which are machines that manufacture machines. Xinjiang’s oil, natural gas, and coal resources have driven the rapid development of China’s manufacturing industry.






5. Empirical Analysis of the Impact of Digital Trade on the International Competitiveness of China’s Manufacturing Industry


5.1. Model Specification


Applying the theoretical analysis in the previous section and referring to the approach of Huang et al. (2023) [76], a benchmark regression model is constructed to test Hypothesis 1 and explore the impact of digital trade on the international competitiveness of China’s manufacturing industry:


      M I C   i t   = α   0       +   α   1     D T   i t   +   α   2     X   i t   +   u   i   +   λ   t   +   ε   i t    



(25)







In Equation (25),     M I C   i t     is the level of international competitiveness of the manufacturing industry in province   i   in period   t  ,     D T   i t     is the level of digital trade development in province   i   in period   t  ,     X   i t     is the set of a series of control variables,     α   0     is the intercept term,     α   1     is the estimation parameter of core explanatory variables,     α   2     is the estimation parameter of control variables,     u   i     is the fixed effect of province,     λ   t     is the time effect,     ε   i t     is the random error term,   i   indicates the province, and   t   represents the year.



To test Hypotheses 2 and 3 and determine whether the foreign investment level (FDI) and scientific and technological research and development (R&D) variables play a mediating role in the process of digital trade promoting international competitiveness in the manufacturing industry, and considering the endogeneity problems that may arise when using the three-step method of mediating effect model, this paper refers to the practices of Jiang (2022), Zhu et al. (2022), and Dell et al. (2010) [77,78,79]; the following model is constructed to investigate whether the FDI and R&D variables play a mediating role in the process of digital trade promoting the international competitiveness of the manufacturing industry:


      M   i t   = β   0       +   β   1     D T   i t   +   β   2     X   i t   +   u   i   +   λ   t   +   ε   i t    



(26)






      M I C   i t   = γ   0       +   γ   1     D T   i t   +     γ   2       M   i t   +   γ   3   X   i t   + u   i   +   λ   t   +   ε   i t    



(27)







    M   i t     is the mediating variable, specifically referring to the level of foreign direct investment (FDI) and the capacity for scientific and technological research and development (R&D). Equation (25) represents the total effect model of the impact of digital trade on the international competitiveness of the manufacturing industry; Equation (26) describes the direct effect model of the impact of digital trade on the mediating variable; and Equation (27) incorporates digital trade and the mediating variable into the same model to examine the mediating effect of the mediating variable on the impact of digital trade on the international competitiveness of the manufacturing industry.




5.2. Variable Selection and Explanation


(1) Explained Variables



The study selects the manufacturing international competitiveness comprehensive indicator (MIC) as the explanatory variable to measure the international competitiveness of China’s manufacturing industry; the specific measurement is described in the previous section.



(2) Core Explanatory Variables



This study selects the development level of digital trade (DT) as the core explanatory variable. The development level of digital trade is an essential engine for the high-quality development of the manufacturing industry, which is an important factor for the industry to have a competitive advantage in the international market. The specific measurement is also presented in the previous section.



(3) Control Variables



Considering the variables that will have an impact on the international competitiveness of a country’s manufacturing industry according to the availability of data and with reference to the practices used in existing studies, this paper draws on the research of Huang et al. (2023) [76] and combines the factors that affect the international competitiveness of the manufacturing industry at the national and industry levels, selecting the following three variables as the control variables for this study:



① Human capital stock (HC): High-quality talent provides intellectual support for digital trade to promote the international competitiveness of the manufacturing industry. On the one hand, digital trade offers a digital platform for manufacturing enterprises to communicate and learn freely with the outside world, which helps to acquire the latest knowledge and skills needed by the enterprise and ultimately promotes the substantial improvement of staff’s professional ability and quality. On the other hand, digital inputs optimize the human capital structure by squeezing out part of the low-skill labor force and increasing the demand for highly skilled labor, reducing the innovation inputs and increasing the innovation outputs to improve the innovation efficiency of manufacturing enterprises. Domestic scholars mostly use several alternative indicators based on income, human capital characteristics, average years of education, and so on to approximate human capital measurement. This study selects the average years of education per capita indicator to measure the level of human capital in each province and region.



② Logistics infrastructure (INF): Logistics infrastructure is the driving force enabling digital trade to promote the high-quality development of manufacturing. Optimized and efficient urban infrastructure can also further reduce the cost of logistics transaction links and other direct flow costs between production and operation factors, enhance product competitiveness, improve the efficiency of resource integration, and thus promote manufacturing exports. This analysis uses the ratio of the sum of railway and highway mileage in each province to the region’s land area to express logistics infrastructure. The larger the value, the higher the level of logistics infrastructure construction in the province.



③ Level of government regulation (GOV): Some of the manufacturing industries that have an impact on the national economy and people’s livelihoods find it challenging to maintain their operations by market forces alone and require substantial government support, and the formulation of government policies has a particular impact on the enhancement of the international competitiveness of the manufacturing industry. This analysis adopts the ratio of local general public budget expenditure to regional GDP to express government regulation.



(4) Mediating Variables



① Level of foreign investment (FDI): This study uses the actual total foreign investment in the selected area to measure this indicator; the inflow of foreign capital not only enhances the capital mobility of the domestic market but also introduces foreign advanced production equipment management experience, allowing the domestic manufacturing industry to create a “technological spillover effect”, which helps to improve the quality of China’s manufacturing products, reduce enterprise production costs, and enhance the international competitiveness of manufacturing.



② Scientific and technological research and development capabilities (R&D): Digital trade has promoted the integration of digital technology and manufacturing, accelerating the transformation of old and new driving forces, and scientific and technological research and development can promote technological innovation. This is the intellectual guarantee and core driving force for digital trade to enhance the international competitiveness of the manufacturing industry. In this study, the indicator of full-time equivalent R&D personnel is selected to measure the intensity of scientific research personnel investment, expressed by R&D, representing the number of R&D personnel invested in each province. Considering the problem of heteroscedasticity, this variable is logarithmically processed in subsequent empirical analyses as shown in Table 8.




5.3. Data Source and Processing


Considering the availability of data for each variable and the consistency of statistical standards, this analysis uses panel data from 31 provinces, autonomous regions, and municipalities in China from 2012 to 2022. The trade data used in the measurement of the international competitiveness of the manufacturing industry come from the General Administration of Customs. The data for the explanatory variables, control variables, and some intermediary variables come from the China Statistical Yearbook, China Science and Technology Statistical Yearbook, China Economic Net Statistical Database, and the official website of the Ministry of Civil Affairs of the People’s Republic of China.




5.4. Empirical Tests and Analysis of Results


5.4.1. Descriptive Statistics


Table 9 shows that the mean value of international competitiveness in manufacturing is 0.29, the minimum value is 0.004, and the maximum value is 0.88, which indicates that there are specific differences in the level of international competitiveness in manufacturing among different regions. The mean value of the level of digital trade is 0.19, the minimum value is 0.003, and the maximum value is 0.89, which shows that there are specific differences in the level of digital trade among different regions.




5.4.2. Basic Regression Analysis


The general causes of endogeneity problems are mainly measurement bias and omitted variables. This study controls for potential endogeneity problems as much as possible when constructing the model. Regarding the problem of measurement bias, this study employs a comprehensive evaluation system for the level of development of digital trade and the international competitiveness of the manufacturing industry by using the entropy value method from the official statistical yearbook data to reduce the measurement error caused by the original data; to address the problem of omitted variables, three control variables, namely, logistics infrastructure, the level of foreign investment, and the level of governmental regulation, are added to the regression analysis. When choosing the model, the Hausman test was carried out, and the test results could not negate the original hypothesis that these models are the same. It can be assumed that the stochastic model better simulates the actual situation. Therefore, according to the test results, the panel fixed-effects model was finally chosen to regress Equation (9). STATA 17 software was used to verify the impact of digital trade and control variables on the international competitiveness of the manufacturing industry by adding control variables one by one, and Table 10 was obtained. Column (1) in Table 10 presents the results of the impact of digital trade on the improvement of the international competitiveness of the manufacturing industry, and columns (2)–(4) report the results of the impact of digital trade on the international competitiveness of manufacturing industry after adding HC, INF, and GOV control variables one by one.



As the control variables are added, the digital trade (DT) coefficients remain positive, at 0.45, 0.45, 0.44, and 0.44, respectively. The impact of digital trade on the international competitiveness of the manufacturing industry is positive at the 1% significance level after the HC, INF, and GOV variables are added, which indicates that after excluding the influence of other factors, the role of digital trade in enhancing the international competitiveness of the manufacturing industry is still significant, verifying Hypothesis 1.



The regression results of models (2) to (4) also prove that the impact of digital trade (DT) on the international competitiveness of the manufacturing industry is robust under different control variable conditions. Regarding control variables, the coefficient of human capital stock (HC) on the international competitiveness of the manufacturing industry is −0.01 and is not significant. A possible reason is that as the number of years of education increases, the workforce tends to engage in industries and positions with higher added value, such as the service industry or scientific research and development. In addition, the manufacturing industry, especially traditional manufacturing, often requires skilled workers. Excessive years of education do not necessarily match the actual skill requirements of manufacturing jobs. More years of education do not necessarily mean people have the practical skills required by the manufacturing industry. Logistics infrastructure (INF) has a negative impact on the international competitiveness of the manufacturing industry. The Chinese manufacturing industry relies heavily on the export market. Its international competitiveness is more affected by external market demand and less by domestic infrastructure construction. Moreover, the debt accumulation resulting from the construction of infrastructure such as railways and roads may have a crowding-out effect on the government’s investment in the development of the manufacturing industry, thus influencing the international competitiveness of the manufacturing industry. The level of government regulation (GOV) has a negative impact on the international competitiveness of the manufacturing industry. Viewing the original data reveals that local general public expenditure has increased year by year. However, its share of GDP has decreased year by year. In contrast, the level of development of the manufacturing industry is rising year by year, indicating that the development of China’s manufacturing industry is gradually freeing itself from government financial support, adapting to the development environment of the market mechanism, and reflecting the decisive role of the market mechanism in the development of China’s manufacturing industry. Financial support should focus on optimizing structure, supporting large-scale manufacturing projects related to the country’s economy and people’s livelihood, and enhancing the government’s role in macro-control.




5.4.3. Robustness Test


(1) Endogeneity Issues



Endogeneity is a critical issue in economic research that must be addressed. In this paper, the enhancement of manufacturing international competitiveness is inseparable from the rapid development of digital trade. Conversely, the growth of digital trade is also contingent upon an improvement in manufacturing competitiveness. Therefore, a causal endogeneity relationship exists between the level of digital trade and the international competitiveness of manufacturing. Moreover, numerous factors influence the international competitiveness of manufacturing, and the control variables in this paper may not fully prevent omitted variable bias. Thus, the empirical analysis of the impact of digital trade on manufacturing competitiveness may suffer from bidirectional causality and omitted variable bias. This analysis attempts to alleviate the endogeneity problem by employing the instrumental variable (IV) method.



The development of the Internet in various regions has served as a foundation for the growth of digital trade, and the advancement of internet technologies can be traced back to the widespread adoption of landline telephones. Before the proliferation of landline phones, communication infrastructure was relatively underdeveloped, and the flow of information was slow, especially in areas far from major cities. The introduction of landline telephones not only enhanced communication efficiency but also laid the groundwork for the further spread of the Internet. Therefore, there exists a potential positive correlation between the penetration of landline telephones and the development of digital trade, particularly in regions with limited infrastructure.



Before the widespread use of landlines, postal services played a crucial role in information dissemination and, to some extent, acted as the executor of government initiatives to develop communication networks. Thus, the distribution and density of post offices were historically linked to the penetration of landline phones, indirectly influencing the speed of digital trade adoption. For instance, in areas with a dense network of post offices, communication infrastructure was typically more developed, and the public’s demand for and receptiveness to information exchange were higher, which created favorable conditions for the application of internet technologies and the development of digital trade.



By treating the number of landline phones and post offices as instrumental variables, we can effectively address endogeneity issues. Both the penetration of landline phones and the number of post offices are closely linked to the development of digital trade, and they indirectly influence digital trade development by promoting the advancement of internet infrastructure. Over time, however, changes in the number of landlines and post offices no longer directly impact the current competitiveness of the manufacturing industry, particularly in the context of rapid advancements in information technology. The impact of these variables is mainly reflected in their early influence on the development of digital trade infrastructure. As such, the number of landline phones and post offices can serve as exogenous instrumental variables that help predict the development of digital trade without directly interfering with changes in other industries or economic structures.



Therefore, adopting the method of Zhu et al. (2024) [80] and Huang et al. (2019) [81], we construct interaction terms between the number of landline phones per hundred people and the number of post offices per million people in 1984, along with the broadband access numbers from the previous year. This approach more effectively captures the long-term impact of early communication infrastructure on digital trade development. The regression results using the instrumental variables method are shown in Table 11. Columns (2) and (4) indicate that after using the instrumental variables, the estimated coefficients for digital trade are significantly positive at the 1% level. Additionally, the results of the KP rk LM and KP rk Wald F-statistics suggest that the selected instrumental variables are reasonable and effective.



(2) Other Robustness Tests



In order to ensure the reliability of the estimation results in this paper, the following methods are used for robustness tests: First, the dependent variable is replaced for robustness testing. To enhance the robustness of the results, we decided to substitute the dependent variable in the robustness check. As indicated by the previous calculation of China’s manufacturing competitiveness indicators, the weight of the RCA index is the smallest among the four competitiveness indicators. Therefore, by excluding RCA, which has a relatively low weight, we reconstructed the evaluation system. This approach examines whether the remaining indicators can collectively support the impact of digital trade on the international competitiveness of manufacturing. This further validates the stability and consistency of the conclusions across different model specifications. Table 11 (1) shows the regression results indicating that the coefficient of influence of the level of development of digital trade is significantly positive, which means that after excluding the RCA index, the development of digital trade has a significant positive impact on the international competitiveness of the manufacturing industry, indicating that the results of the benchmark regression are robust. Second, a robustness check is conducted by reducing the sample size. Due to the relatively low values of Gansu Province and the Tibet Autonomous Region, as well as significant differences in their economic structures and geographical conditions compared to those of the other provinces, both Gansu and Tibet are excluded from the robustness test. In Table 12 (2), the relationship between digital trade and the international competitiveness of the manufacturing industry remains significantly positive, and the results of the benchmark regression are robust. Third, we replace the core explanatory variable with one lagged period for the level of digital trade development. Considering that the impact of digital trade development on China’s international competitiveness in the manufacturing industry may have a lag, this analysis replaces the explanatory variable with one lagged period for the level of digital trade development (DT-LAG) to conduct a robustness test. The results are shown in Table 12 (3). The results show that the impact coefficient of the lagged one-period digital trade development level on China’s manufacturing industry’s international competitiveness is still significantly positive, indicating that the benchmark regression results are robust. Fourth, considering the significant impact of the COVID-19 outbreak on the global economy in 2020, and in order to avoid the negative impact of the COVID-19 pandemic, this paper excludes the samples from 2020 to 2022 to test the robustness of the results. The results are shown in Table 12 (4), which shows that after excluding these particular years, the impact coefficient of the level of development of digital trade on the international competitiveness of China’s manufacturing industry is still significantly positive, indicating the robustness of the benchmark regression results. Fifth, the system GMM model can effectively overcome the endogeneity problem between variables and better capture the dynamic interactions between variables. Table 12 (5) shows the measurement results of the system GMM model, where AR (1) is less than 0.2 and AR (2) is more significant than 0.1, indicating that the model has a first-order autocorrelation is significant; moreover, there is no second-order autocorrelation, and the p-values of the Hansen test and the Sargan test both exceed 0.1, indicating that the instrumental variables are valid and the test for overidentification passes. The measurement results of the system GMM model are reliable. The regression results show that the impact coefficient for the level of development of digital trade on the international competitiveness of China’s manufacturing industry is still significantly positive. In short, regardless of the form of robustness test used, the regression results are consistent with the benchmark regression results, indicating that the impact of digital trade on the international competitiveness of the manufacturing industry passed the robustness test and also fully demonstrating that digital trade can significantly enhance the international competitiveness of China’s manufacturing industry.



In order to explore the effectiveness of the digital trade development evaluation system, relevant data from 31 provinces in mainland China from 2012 to 2022 were used. Cronbach’s alpha coefficient method was selected for a reliability test and analysis of the constructed digital trade development evaluation system. First, the indicator data were processed into a dimensionless form to ensure their values were between 0 and 1. Second, the dimensionless processed indicator system was analyzed using STATA software for reliability tests. The test results are shown in Table 13. The test results show that the reliability coefficients of the China Digital Trade Development Evaluation System and Cronbach’s alpha coefficients based on standardization are 0.95 and 0.96, respectively, above 0.9. Therefore, it can be concluded that the constructed evaluation system has good and highly reliable internal reliability. The results calculated based on this index system can provide a reasonable interpretation of the China Digital Trade Development Evaluation System.




5.4.4. Heterogeneity Test


Due to the regional disparities in development levels across China, the sample data are divided into eastern, central, and western regions based on the classification by the National Bureau of Statistics and China’s regional economic divisions (The eastern region refers to the 11 provinces (municipalities) of Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, Hainan, and Liaoning; the central region refers to the 8 provinces of Shanxi, Anhui, Jiangxi, Henan, Hubei, Hunan, Jilin, and Heilongjiang; and the western region refers to the 12 provinces (autonomous regions and municipalities) of Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang). This segmentation aims to examine the regional heterogeneity of digital trade’s impact on China’s manufacturing industry’s international competitiveness. The analysis further explores whether this impact varies across different regions and performs a heterogeneity test. The results of the test (see Table 14) show that digital trade significantly promotes manufacturing international competitiveness in all three regions, with the strongest effect in the eastern region and the weakest in the western region.



The reasons for this variation are as follows:



(1) Regional Disparities in Digital Technology and Infrastructure



The eastern region leads in digital technology development, 5G network coverage, and cloud computing infrastructure. In contrast, the central and western regions face delays in digital infrastructure development (such as insufficient internet bandwidth and sparse data centers), limiting the potential for digital trade to improve manufacturing efficiency.



In terms of digital technology applications, the eastern region has developed digital industry clusters, particularly in the Yangtze River Delta and Pearl River Delta, centered around e-commerce and industrial internet usage. These regions can leverage real-time data analysis and supply chain optimization to significantly enhance international competitiveness. In comparison, the central and western regions have lower manufacturing digitalization penetration and still rely primarily on traditional production models, hindering their ability to fully capitalize on digital trade’s cost-reducing and efficiency-enhancing benefits.



(2) Economic Development and Market Environment Disparities



The eastern region has a larger economy and more active consumer markets, providing the demand necessary for the integration of digital trade with manufacturing. By contrast, the central and western regions, constrained by smaller market sizes and lower purchasing power, face difficulties in expanding international orders via digital trade, resulting in slower improvements in competitiveness.



(3) Regional Imbalances in Policy Support and Openness



The eastern region introduced digital trade-specific policies earlier (e.g., the “Digital Free Trade Zone” pilot in Zhejiang) and attracted digital platform companies through tax incentives. In contrast, the implementation of such policies in the Central and Western regions has been slower, and local governments have limited fiscal capacity, making it difficult to match the eastern region’s investments in digital infrastructure and R&D subsidies. Coastal provinces in the eastern region also benefit from their port and international trade hub status, facilitating easier connections to global markets via digital trade platforms, thereby reducing logistics and information costs. However, the central and western regions are constrained by geographical distances and incomplete cross-border logistics networks, which reduce the “borderless” advantages of digital trade.



(4) Regional Concentration of Talent and Innovation Resources



The eastern region accounts for over 70% of the country’s digital technology talent, with its innovation capabilities directly driving manufacturing toward intelligence and service-oriented models. In contrast, the central and western regions face talent loss issues, which lead to the slower adoption of digital technologies. Additionally, the eastern region has a dense network of universities and research institutions (such as those in Beijing and Shanghai), accelerating the industrialization of digital technologies through industry–academia–research collaborations. The Central and Western regions, on the other hand, have weaker linkages between industry, academia, and research, resulting in lower rates of technology commercialization and restricting the deeper impact of digital trade on manufacturing competitiveness.



Thus, the structural differences in digital technology, economic foundations, policy support, and talent reserves between the eastern, central, and western regions are the fundamental reasons for the varying effects of digital trade on manufacturing international competitiveness.




5.4.5. Mediating Effect Test


Based on Formulas (26) and (27) of the mediating effect model, this paper explores the mediating role of the level of foreign direct investment (FDI) and the capacity for scientific and technological research and development (R&D) in the process of digital trade (DT) influencing the international competitiveness of the manufacturing industry (MIC). As shown in Table 15, Model (1) presents the results of the benchmark regression; Models (2)–(3) show the regression results with the level of foreign direct investment (FDI) as the mediating variable. Specifically, Model (2) examines the impact of digital trade on the level of foreign direct investment, and Model (3) examines the impact of digital trade combined with the level of foreign direct investment on the international competitiveness of the manufacturing industry. Models (4)–(5) show the regression results with the capacity for scientific and technological research and development (R&D) as the mediating variable. Here, Model (4) examines the impact of digital trade on the capacity for scientific and technological research and development, and Model (5) examines the impact of digital trade combined with scientific and technological research and development capabilities on the international competitiveness of the manufacturing industry.



The results show that in Model (2), digital trade positively and significantly affects the level of foreign investment; moreover     β   1    ,     γ   1    , and     γ   2     in Model (3) are all significant, and     γ   1     and     β   1     γ   2     are of the same sign, so it can be assumed that there is a partially mediated effect, i.e., digital trade can directly promote the international competitiveness of the manufacturing industry and can also enhance the international competitiveness of the manufacturing industry by attracting foreign investment. Therefore, Hypothesis 2 is established. Model (4) shows that digital trade positively and significantly affects scientific and technological R&D capacity, and Model (5) shows that both digital trade and scientific and technological R&D capacity positively and significantly affect the international competitiveness of the manufacturing industry. This shows that scientific and technological research and development capabilities play a partial mediating role between digital trade and the high-quality development of the manufacturing industry, thus verifying Hypothesis 3. In summary, Hypothesis 2 and Hypothesis 3 are established to show that introducing digital trade into the process of foreign investment, science, and technology R&D can enable the region to fully enjoy capital dividends and technological dividends, which represents the optimal role of digital trade and promotes the international competitiveness of the manufacturing industry.



The results of the mediation effect test align with the transaction cost theory and Moore’s Law. The application of digital technologies facilitates the decentralization of enterprises and the reduction in transaction costs by activating latent data, accurately matching supply and demand, and addressing information asymmetries. This, in turn, reduces ineffective investments and production, thereby enhancing manufacturing productivity. According to Moore’s Law, technological advancements lower the cost of digital technologies, which effectively reduces trial-and-error costs for enterprises; enhances their ability to acquire, imitate, and transform resources and technologies; and drives technological innovation in manufacturing. As a result, the rapid development of digital trade can improve the international competitiveness of manufacturing by attracting foreign direct investment (FDI) and advancing technological research and development.





5.5. Spatial Econometric Modeling


5.5.1. Research Method


(1) Defining Research Objectives and Model Framework



Due to the significant spatial heterogeneity in the international competitiveness of the manufacturing industry and the level of digital trade development across different regions in China, it is essential to select an appropriate spatial econometric model that accounts for regional interactions and geographical adjacency. Therefore, constructing a spatial econometric model is necessary to assess the specific direction and magnitude of the effects.



(2) Defining Variables and Spatial Weight Matrix



Dependent Variable: The international competitiveness of the manufacturing industry in various regions. Independent Variables: These include the level of digital trade development and other factors influencing the competitiveness of the manufacturing industry. Spatial Weight Matrix: This matrix reflects the spatial relationships between regions, indicating the degree of geographic proximity or interaction.



(3) Testing for Spatial Autocorrelation



The selection of a spatial econometric model depends on the characteristics of spatial autocorrelation and errors. To determine whether spatial autocorrelation exists in the data, a spatial correlation test is conducted, with the Moran’s I test being the classical method for assessing spatial autocorrelation. The Moran’s I value is calculated to determine whether spatial clustering effects are present in the sample data. If Moran’s I is significantly different from zero, it indicates the presence of spatial autocorrelation. In spatial data analysis, spatial autocorrelation suggests that the observations in one region may be influenced by neighboring regions. If the Moran’s I test reveals spatial autocorrelation, the next step is to consider using a spatial econometric model.



(4) Selecting the Appropriate Spatial Econometric Model



Common spatial econometric models include the spatial autoregressive model (SAR), spatial error model (SEM), and spatial Durbin model (SDM). The LM test and Wald test can be used to further determine which spatial model to apply. The LM test helps to identify whether spatial effects need to be incorporated and whether a spatial lag term is required. Specifically, the LM test has two important versions: LM-Lag (to test for the need for a spatial lag term) and LM-Error (to test for the need for a spatial error term). If the LM test indicates a significant spatial lag effect, the SAR model should be chosen; if it suggests a significant spatial error effect, the SEM is appropriate. The Wald test is used to assess whether the model parameters are significant. This is crucial for validating spatial econometric models, particularly after selecting the appropriate model. The Wald test can also be used to further validate the impact of spatial spillover effects. When the LR statistic and Wald statistic are tested, if the results show the rejection of the null hypothesis, this implies that neither simple spatial lag effects nor spatial error effects can explain the data. This suggests that the more complex spatial Durbin model (SDM) is needed, as it can capture the spatial interdependencies between both the dependent and independent variables.



(5) Model Estimation and Result Analysis



After selecting the appropriate spatial econometric model, it is employed using econometric software (e.g., Stata). The analysis focuses on the impact of digital trade development on the international competitiveness of the manufacturing industry. Furthermore, based on the results of spatial spillover effects, the influence of digital trade on the competitiveness of manufacturing in neighboring regions is explored.




5.5.2. Model Construction


In order to fully consider the impact of spatial factors, a spatial econometric model is constructed to explore the impact of the level of development of digital trade on the international competitiveness of the manufacturing industry. The specific model is as follows:


  Y = ρ W Y + β X + θ W X + μ  



(28)






  μ = λ W μ + ε , ε ~ N [ 0 ,   σ   2   I ]  



(29)







In Equations (28) and (29),   Y   represents the explained variables;   X   represents all the explanatory variables;   w   represents the   n × n   dimensional geographic adjacency matrix, the elements       W   i j     of which are assigned a value of 1 if region   i   is adjacent to region   j   or assigned a value of 0 if region   i     is not adjacent to region   j    ;   β   represents the correlation coefficient of   X  ;   ρ   and   θ   represent the spatial correlation coefficients;   λ   represents the coefficient of spatial error; and   μ   and   ε   represent the stochastic errors, where   ε   follows a normal distribution.   ρ ≠ 0  ,   θ = 0  , and   λ = 0   conform to the spatial autoregressive model (SAR);   ρ = 0  ,   θ = 0  , and   λ ≠ 0   conform to the spatial error model (SEM); and   ρ ≠ 0  ,   θ ≠ 0  , and   λ = 0   conform to the spatial Durbin model (SDM). Subsequently, the model form should be explicitly chosen according to the test and significance results.




5.5.3. Empirical Analysis


(1) Spatial Correlation Test



① Global Moran’s index. This paper uses the global Moran’s index to test for spatial autocorrelation in the international competitiveness of the manufacturing industry and the level of development of digital trade in 31 provinces from 2012 to 2022(see Table 16). The value of the global Moran’s index falls in the range [−1, 1], with positive values indicating positive spatial correlation and negative values indicating negative spatial correlation. From 2012 to 2022, the Moran’s index fluctuated. However, it was positive in all cases. It passed the significance test in all cases, indicating that the international competitiveness of the manufacturing industry and the level of development of digital trade have significant positive spatial correlation characteristics. Therefore, as a whole, the spatial correlation is significant, and it is appropriate to choose a spatial econometric model.



② Local Moran’s index. In order to examine the degree of spatial correlation in a particular region, this paper presents a local Moran diagram of the international competitiveness of manufacturing and the development level of digital trade. Due to space reasons, only the results of two years, 2012 and 2022, are reported, In Figure 1 and Figure 2, it can be seen that most of the points corresponding to the Moran’s index of the international competitiveness of the manufacturing industry and the level of development of digital trade among provinces are distributed in the first and third quadrants; i.e., provinces have a solid positive promotional effect in the local space, which is the same as that of the test results of the global Moran’s index. From 2012 to 2022, the number of provinces that fall into the first quadrant and the third quadrant of the number of provinces increased, reflecting the increased degree of correlation between the international competitiveness of manufacturing and the level of digital trade development in the local space. Therefore, the local spatial positive correlation feature is significant, the spatial factor influence should be considered, and the spatial measurement model should be selected.



(2) Selection of a Spatial Econometric Model and Empirical Results



As seen from the previous section, there is a significant spatial correlation between international competitiveness in manufacturing and the level of development of digital trade. By establishing a spatial econometric model, the specific direction and magnitude of the impact of the level of development of digital trade on international competitiveness in manufacturing can be more accurately measured.



Table 17 presents the results of the spatial econometric model selection. First, the LM test was conducted to determine the type of spatial effects, which informed the choice of the appropriate model. The results showed that both the LM-Lag and LM-Error values were significant. In the subsequent robustness check, the robust LM-Error value was not significant, while the robust LM-Lag value was significant at the 1% level. This suggests that the spatial lag model is more suitable for this analysis. Next, based on the Hausman test results (Prob >= chi2 = 0.038), the fixed-effects model was selected. Both the LR statistic and the Wald statistic rejected the null hypothesis, indicating that the spatial Durbin model (SDM) could not be simplified to either the spatial autoregressive model (SAR) or the spatial error model (SEM). Therefore, the SDM with time-fixed effects was ultimately chosen. The inclusion of time-fixed effects was necessary due to potential temporal dependencies in the data, where the effects at each time point may differ. Time-fixed effects help control for heterogeneity across different periods and account for the influence of external factors such as policy changes and market fluctuations. The SDM is regarded as the most comprehensive spatial econometric model because it accounts for the spatial lag effects of both the dependent and independent variables, allowing for a more accurate representation of spatial dependence and spillover effects. This makes it better suited for explaining and predicting the impact of digital trade on the international competitiveness of the manufacturing industry.



This series of tests and model selection ensures that the spatial econometric model effectively explains and predicts the spatial impacts of digital trade development on the international competitiveness of manufacturing while revealing the interactive relationships between different regions.



The benchmark regression of the spatial econometric model is shown in Table 18. The regression coefficient of China’s digital trade development is 0.73. It is significant at the 1% significance level, indicating that the development of digital trade in the province has enhanced the international competitiveness of the manufacturing industry in the province. The coefficient of the spatial lag term of the digital trade level is 0.37. It passes the hypothesis test at the 1% significance level, indicating that the spatial effect of digital trade is significant. The development level of digital trade in this region also significantly promotes the international competitiveness of the manufacturing industry in other regions.



Table 19 shows the results of the spatial effect decomposition. The direct effect is the impact of digital trade on the level of development of digital trade and the international competitiveness of the region’s manufacturing industry. In contrast, the indirect effect refers to the impact of the development of digital trade in the region on the international competitiveness of the manufacturing industry in neighboring regions. As can be seen from the table, the spatial direct effect, spatial indirect effect, and total effect of the level of development of digital trade are all significantly positive, indicating that the development of digital trade in the province can promote the improvement of the international competitiveness of the province’s manufacturing industry and also has a significant spatial spillover effect. The international competitiveness of the manufacturing industry in neighboring areas will also benefit as a result.






6. Discussion


This study utilizes panel data from China’s 31 provinces, autonomous regions, and municipalities directly under the central government to examine the impact of digital trade on the international competitiveness of the manufacturing industry. The results indicate that digital trade has significantly enhanced the international competitiveness of China’s manufacturing industry, with this relationship demonstrating notable differences across regions and through different channels of influence. The following is an in-depth analysis and discussion of the research findings.



First, this study reveals a significant positive impact of digital trade on the international competitiveness of manufacturing, a finding that has been thoroughly validated through robustness tests. This result not only aligns with mainstream perspectives in current literature but also expands the framework for understanding the role of digital trade in manufacturing development. Previous literature has predominantly focused on traditional trade factors such as tariff policies, trade agreements, and factor endowments and their effects on manufacturing. For instance, Xiong et al. (2017) [82] highlighted the direct impact of trade policy adjustments on manufacturing. In contrast, this study focuses on the emerging force of digital trade, highlighting how it facilitates information flow and technology spillovers by providing more efficient and cost-effective transaction platforms. Furthermore, digital trade effectively lowers the barriers for manufacturing enterprises to enter international markets, thereby enhancing the global competitiveness of the manufacturing industry. This finding not only demonstrates that digital trade has provided new momentum for the internationalization of China’s manufacturing industry but also offers a theoretical foundation for the digital transformation of traditional manufacturing. Furthermore, it provides valuable insights for the international development of emerging industries. To this end, the government should actively promote the development of digital infrastructure, encourage the growth of cross-border e-commerce, and improve information flow efficiency. These measures will help further foster the healthy development of digital trade and enhance the international competitiveness of the manufacturing industry.



Second, the heterogeneity analysis in this study reveals significant regional differences in the impact of digital trade on the competitiveness of the manufacturing industry. The results show that the positive effects are strongest in the eastern region, while the effects in the central and western regions are relatively weak. This finding provides a theoretical basis for understanding the varying impacts of digital trade on manufacturing development across different regions. The reason digital trade has been able to quickly establish itself and play a crucial role in the eastern region is due to the region’s relatively well-developed infrastructure, advanced information technology industry, and strong innovation capabilities. These factors, collectively, have facilitated the formation of efficient logistics systems, convenient information flow, and relatively mature digital platforms, enabling manufacturing enterprises in the eastern region to access global market demand, resources, and technological support in a shorter time frame. This undoubtedly provides strong support for the internationalization of the region’s manufacturing industry. However, compared to that in the eastern region, the development of digital trade in the central and western regions lags behind. While there remains untapped potential for digital trade in these regions, and they may experience growth opportunities with the push of relevant policies, the current insufficient infrastructure, lower penetration of information technology, and limited market access hinder the digital transformation of manufacturing in these regions, making their global competitiveness relatively weak. Therefore, the analysis results of this study offer important implications for future policy-making. In the process of promoting digital trade development, policymakers need to pay greater attention to the regional differences in policy design and focus on implementing more targeted support measures tailored to the specific conditions of different regions. For the central and western regions, it is essential to increase investment in digital infrastructure, enhance the penetration of information technology, strengthen enterprise technical training, and develop cross-border e-commerce platforms. These measures will help narrow the regional development gap, effectively promote the widespread adoption of digital trade across different regions, and ultimately enhance the competitiveness of the manufacturing industry nationwide.



Third, this study shows that digital trade not only has a direct impact on enhancing the international competitiveness of the manufacturing industry but also exerts an indirect influence by attracting foreign investment and boosting research and development capabilities. On the one hand, digital trade provides foreign investors with more accessible investment opportunities and expanded market access, thus facilitating more efficient foreign direct investment (FDI) in China’s manufacturing industry. The inflow of foreign capital injects advanced technologies and management experience into China’s manufacturing industry, driving technological upgrades and improving its global competitiveness and industrial added value. On the other hand, digital trade plays a key role in enhancing the vitality and dynamism of local innovation systems by facilitating the rapid flow of information and technology. The establishment of digital platforms and the convenience of information flow allow enterprises to access global technology and market information more promptly, thereby enhancing their innovation capabilities and technological research and development levels. This further promotes the integration of technological R&D and product innovation, strengthening China’s manufacturing industry’s competitiveness in the global value chain. This finding carries significant implications for policy-making. While promoting the development of digital trade, the government should focus on simultaneously advancing foreign investment and technological innovation to create a virtuous cycle. The government should not only optimize the investment environment and guide foreign investment toward high-tech, high-value-added sectors but also intensify support for the innovation system to enhance the capacity for independent R&D by enterprises. Particularly in the context of the ongoing restructuring of global industrial chains, the government needs to coordinate policies across various domains to ensure that digital trade can maximize its potential in attracting foreign investment, fostering technological innovation, and improving enterprise competitiveness. This will ultimately promote the sustained growth and improvement of China’s manufacturing industry in the global market.



Fourth, this study explores the spatial spillover effects of digital trade on the international competitiveness of the manufacturing industry. The findings reveal that digital trade not only enhances the competitiveness of manufacturing within a province but also promotes the competitiveness of neighboring provinces’ manufacturing industries through regional economic links, technological cooperation, and industrial collaboration. This conclusion further validates the spillover effect theory in spatial economics [83], offering a new perspective for spatial economic research in the context of digital trade. As a cross-regional economic force, digital trade accelerates the flow of data, technology, and supply chain connections across provinces through modern technologies, particularly big data, cloud computing, and e-commerce. This greatly facilitates closer collaboration between regions, enabling more efficient resource allocation. For example, advanced technologies and innovations from the eastern region are rapidly transmitted to the central and western regions via digital platforms, contributing to improvements in the technological level and product quality of local manufacturing industries. At the same time, the resource advantages of the central and western regions, such as labor and land costs, can be efficiently connected to the market demands and industrial chains of the eastern region through digital platforms, generating complementary effects that further strengthen the overall competitiveness of the manufacturing industry. From a policy perspective, the spatial spillover effects of digital trade provide valuable insights for the coordinated regional development of China’s manufacturing industry. To fully leverage this effect, regional cooperation and policy support should be strengthened to facilitate the cross-regional flow and integration of digital technologies, innovation resources, and market demands. Given the current imbalance in regional development in China, particular emphasis should be placed on promoting coordinated development between the central and western regions and the eastern region while enhancing technological and industrial collaboration between these regions. Thus, the spatial spillover effect of digital trade revealed in this study not only enriches the theoretical framework of spatial economics but also provides crucial insights for the regional coordinated development of China’s manufacturing industry.



In summary, this study demonstrates that digital trade, as an emerging economic force, is gradually reshaping the competitive landscape of China’s manufacturing industry. Its role in promoting manufacturing competitiveness is reflected not only in the optimization of traditional trade channels but also through new pathways such as information technology and cross-border e-commerce platforms, which lower global market entry barriers and enhance overall industrial competitiveness. Therefore, to further enhance the international competitiveness of manufacturing, it is crucial to accurately grasp the evolving trends of digital trade and clearly understand the impact and pathways of various factors on manufacturing trade conditions while fully utilizing digital trade as a driving force for the digital transformation and upgrading of the manufacturing industry.



Although this study provides important empirical evidence for the relationship between digital trade and the international competitiveness of the manufacturing industry, several limitations remain that require further exploration and improvement. First, external shocks, such as changes in international trade policies and pandemics (e.g., COVID-19), may have an impact on the role of digital trade. Specifically, during the pandemic, factors such as global supply chain disruptions and shifts in consumer behavior might have altered the operation of digital trade, thereby affecting the international competitiveness of the manufacturing industry. While this study excluded certain exceptional years (e.g., 2020–2022), the long-term effects of external shocks still warrant further investigation. This would ensure the model’s identifiability and the reliability of parameter estimates. Furthermore, other potential influencing factors may also influence our conclusions. Although this study primarily focuses on the role of digital trade, factors such as national industrial policies, enterprise-level adoption of digital technologies, and the degree of market competition may affect the research outcomes to varying extents. In addition, although we have made every effort to ensure the rationality and robustness of the model, limitations still exist, such as the relatively short time span of the data and the lack of micro-level enterprise data coverage. Future research could explore these issues in greater depth to provide a more comprehensive explanation.



Future research can further explore several topics: First, the mechanisms by which digital trade impacts manufacturing industries may differ between countries and regions at varying levels of development. Therefore, cross-national comparative studies will help validate the conclusions of this study and explore similarities and differences in the development models of digital trade in different countries and regions. In particular, there may be significant differences in the driving factors, technological applications, and impacts on manufacturing competitiveness between developed and developing countries. By comparing the experiences of different nations, a more comprehensive understanding of the global impact of digital trade can be achieved. Second, the deep integration of digital trade with global supply chains, especially in the context of smart manufacturing and big data applications, warrants further exploration. Under the influence of smart manufacturing and big data, the division of labor and cooperation models in global industrial chains will undergo profound changes. How to measure the specific impact of these changes on the manufacturing competitiveness of various countries will become an important topic for future research. Lastly, the institutional development of digital trade and global cooperation mechanisms is another key area of focus. As digital trade becomes more globalized, building a more open, fair, and inclusive digital trade ecosystem has become an urgent issue for the international community. Researching how to establish more effective global digital trade rules and cooperation mechanisms—such as promoting cross-border data flow, protecting intellectual property, and ensuring cybersecurity—will provide important insights for the development of the global digital economy. By delving into these areas, we can better understand the development trends of digital trade and its impact on the international competitiveness of manufacturing, providing policymakers with more forward-looking and practical guidance.




7. Conclusions


This study employs benchmark regression models, mediation effect models, and spatial econometric models to empirically analyze the impact of digital trade on the international competitiveness of the manufacturing industry, yielding the following conclusions: ① Digital trade significantly enhances the international competitiveness of the manufacturing industry. ② In the eastern, central, and western regions, digital trade exerts a significant positive effect on the international competitiveness of manufacturing, with the greatest impact observed in the eastern region and the smallest in the western region. ③ Digital trade indirectly enhances the international competitiveness of the manufacturing industry by attracting foreign direct investment and improving research and development capabilities. ④ The development of digital trade in a region not only boosts the international competitiveness of its manufacturing industry but also generates significant spatial spillover effects, benefiting the manufacturing competitiveness of neighboring regions.



Based on the above conclusions, this paper puts forward the following recommendations:



First, accelerating the development of digital trade is crucial to fully leverage its role in enhancing the international competitiveness of manufacturing industries. The following tailored strategies should be formulated based on the characteristics of different industries to fully exploit the empowering effects of digital trade. ① Promoting the construction of digital platforms in manufacturing and encouraging the standardized growth of digital trade to achieve the goal of digital trade-driven transformation in manufacturing. The high-end equipment manufacturing industry is a key component of China’s manufacturing industry, and efforts should be made to accelerate the construction of intelligent manufacturing platforms, utilizing digital technologies to improve production efficiency and product quality. The consumer goods manufacturing industry, being highly responsive to market demand fluctuations, should promote the use of intelligent warehousing, cloud platform services, and big data analytics to help enterprises optimize production scheduling, enhance supply chain efficiency, and provide personalized product customization services. The digital transformation of the textile and garment industry is particularly critical; it is recommended to push for the establishment of digital design and production platforms to enhance supply chain transparency and reduce production waste. The automotive manufacturing industry should focus on strengthening platforms for intelligent manufacturing, digital design, and automation to enhance global competitiveness. ② Exploring the commercialization of data flow and data elements while ensuring data security. High-end equipment manufacturing involves numerous core technologies and proprietary data, requiring the establishment of data protection mechanisms, particularly in cross-border data flow, to ensure the security of sensitive data and promote the monetization of data. The consumer goods manufacturing industry should integrate consumer and production data to offer personalized services while strictly protecting data privacy. The textile and garment industry should leverage big data platforms to integrate industry data and assist enterprises in making informed decisions. The automotive industry should utilize big data to improve intelligent capabilities while ensuring the privacy of vehicle owners and the security of autonomous driving data. ③ Taking the lead in rule-making and seizing the initiative. Before digital trade rules are fully established, China should take advantage of the opportunity to propose data linkage, source code protection, and free cross-border data flow rules that align with national conditions. The high-end equipment manufacturing industry, which involves a large number of technologically advanced and high-value-added products, faces data linkage and source code protection as key factors constraining the internationalization of enterprises. It is recommended that China advocate for the protection of source code and the establishment of digital rules for technological intellectual property in global digital trade agreements, thereby creating a favorable internationally competitive environment for domestic high-end equipment manufacturing enterprises. China should also actively advocate for the formulation of global rules governing data flow and cross-border e-commerce, ensuring smooth access for Chinese manufacturing products to international markets, while proposing data privacy protection and consumer rights protection rules that are consistent with China’s national conditions on international platforms.



Second, enterprises should optimize the whole chain of “attracting, cultivating, employing, and retaining” to unleash the digital talent dividend. Differentiated strategies should be developed based on the specific conditions of Eastern, Central, and Western China to optimize the allocation of talent resources in each region: ① Rationally allocate and establish international talent management institutions to strengthen the introduction of high-level digital trade talents. The eastern region, with its developed economy, advanced digital infrastructure, and international environment, should focus on attracting top global talents in digital trade. By leveraging policies such as those in Free Trade Zones, a flexible and efficient talent introduction mechanism should be established. The central region, with weaker infrastructure, can attract external funding and technical support to establish international talent management institutions aligned with local industries, thereby driving economic transformation. The western region can leverage national policy support to develop the digital trade industry in collaboration, focusing on talent recruitment to drive infrastructure development and the digital transformation of agriculture. ② Promote collaboration among schools, government, and enterprises to establish digital trade majors and industry-focused colleges while strengthening the integration of industry, academia, and research to cultivate digital trade professionals. The eastern region, relying on universities and research institutions, can establish more digital trade-related academic programs and build a talent pool. The central region, leveraging its local industrial foundation, should focus on talent development driven by digital transformation, emphasizing disciplines such as digital economy and digital trade. This can be achieved by encouraging universities to collaborate with local industries to promote talent cultivation and technological innovation. The western region should utilize national support for education to implement an “order-based” training model, developing talents that align with local digital transformation needs, especially in fields like agricultural digitalization. ③ Foster talent that can integrate digital trade with manufacturing and strengthen talent team development. In the eastern region, where manufacturing is highly developed, there is significant potential for integrating digital trade with manufacturing. The focus should be on utilizing high-level talents who can bridge the gap between digital technology and manufacturing, thereby promoting intelligent manufacturing and digital transformation. In the central region, collaboration with enterprises should be encouraged to apply talents who can drive the intelligent and digital upgrading of traditional manufacturing industries. In the western region, the focus should be on cultivating and applying talents specialized in fields such as agricultural digitalization. ④ Improve talent incentive mechanisms to enhance the welfare of innovative talents and retain more outstanding professionals. In the eastern region, competitive salaries and favorable policies should be used to attract top global talent, particularly in the digital trade sector. The central region may offer subsidies for talent introduction and benefits, such as household registration incentives, to attract mid- to high-level digital trade professionals. Moreover, the region should strengthen local talent care and incentives by providing career advancement and training opportunities. In the western region, national policy support can be leveraged to provide housing, living subsidies, and other incentives to optimize the working and living environment, thereby increasing the retention of talents.



Third, enterprises can accelerate the construction of new infrastructure and increase the penetration of digital trade in various industries and regions of China’s manufacturing industry: ① Narrow the digital divide by promoting interconnection of information infrastructure and services across central and western regions to facilitate coordinated regional development. The eastern region, with its well-developed digital infrastructure, should prioritize enhancing the intelligence and efficiency of existing facilities, such as upgrading 5G, fiber-optic networks, and data centers. The central region can leverage public finance and market-driven approaches to establish cross-regional network platforms, promote information interconnectivity, and drive industrial digital transformation. The western region, with relatively underdeveloped infrastructure, can benefit from national policy cooperation to focus on developing digital infrastructure for traditional industries, such as transportation, energy, and agriculture. This would promote internet penetration, reduce the digital divide between the eastern and western regions, and foster the growth of cross-border e-commerce and digital agriculture. ② Improve the overall level of digital infrastructure by advancing next-generation network technologies such as 6G and optical networks, alongside new initiatives like optical cable expansion and digital microwave systems. The eastern region, with its strong technological capabilities, can serve as a pilot for the research and development of 6G and next-generation network technologies, facilitating the application of 5G and 6G technologies to upgrade high-end manufacturing, digital finance, and intelligent transportation. The central region should focus on expanding optical cables and digital microwave projects to improve network infrastructure in rural areas and small to medium-sized cities. The western region, still in the early stages of development, can accelerate infrastructure construction by collaborating with the eastern region and international partners. Optical cable expansion and digital microwave technologies can extend services to rural and remote areas, offering technological support to local agricultural, tourism, and other niche industries, thereby promoting the growth of the digital economy. ③ Actively engage in overseas digital infrastructure construction, ensure information security, and improve the convenience of international communications and the efficiency of cross-border data flows. Manufacturing enterprises can drive the development of digital infrastructure in overseas markets through international expansion, especially in areas such as production equipment, logistics management, and supply chain digitalization. The eastern region, with its robust economic foundation, can serve as a key area for the development of overseas digital infrastructure. By collaborating with international enterprises through investments and partnerships, it can build digital trade infrastructure and improve the efficiency of cross-border data flow and international communication through cooperation with global network infrastructure.



Fourth, by leveraging foreign direct investment (FDI) to promote the deep integration of digital technologies with China’s manufacturing industry, enterprises can enhance the quality and effectiveness of foreign capital: ① Promoting the digital transformation of the manufacturing industry through foreign direct investment and facilitating the development of digital platforms, smart workshops, and factories. The high-end equipment manufacturing industry has stringent technological requirements, and foreign investment can introduce internationally leading automation production lines, robotic systems, and intelligent management platforms based on cloud computing and big data. These technologies enable digital control throughout the entire production process, enhancing production efficiency and resource allocation capabilities, and driving the industry toward greater intelligence and automation. The automotive manufacturing industry is gradually entering the stages of digitization and intelligence. Foreign investment can provide Chinese companies with advanced production equipment and technology to build smart factories, thereby improving production efficiency and product quality. Furthermore, foreign investment can facilitate the integration of the automotive industry with technologies such as 5G, the Internet of Things, and big data, strengthening smart manufacturing capabilities and fostering independent innovation. ② Enhancing the quality and effectiveness of foreign investment through digital trade, shifting foreign capital from quantity to quality, optimizing the structure of foreign investment, and promoting the transformation and upgrading of the manufacturing industry. Digital trade promotes global data circulation, information sharing, and technology transfer, creating new opportunities for optimizing the structure of foreign investment. First, digital trade platforms can attract foreign capital to high-value-added technology sectors, such as artificial intelligence, 5G, IoT, robotics, and semiconductors, driving the manufacturing industry toward higher technological intensity and a more advanced industrial chain. Second, digital platforms can optimize the direction of foreign investment by facilitating precise matching and information sharing, guiding foreign capital into the fields of intelligent manufacturing and digital transformation and thus enhancing the quality and effectiveness of foreign investment. Finally, by leveraging digital trade, foreign capital can more easily access and invest in China’s strategic emerging industries, such as biomedicine, new energy, and smart hardware, thus optimizing investment structures and improving industrial competitiveness.



Fifth, accelerating digital technology innovation can enhance the technological support for the integration of digital trade and manufacturing industry. ① At the industry level, it is essential to build a technology-driven digital trade chain and promote the deep integration of digital technologies with various industries. For example, in the high-end equipment manufacturing industry, artificial intelligence, 5G, and the Internet of Things can be employed to enhance the automation and adaptability of intelligent manufacturing systems, thereby overcoming the bottlenecks of traditional production processes. In traditional industries such as textiles and apparel and automotive manufacturing, digital technologies can be utilized for production line optimization, supply chain coordination, and personalized customization, facilitating the transformation of these sectors toward greater intelligence and efficiency. ② At the regional level, the pace of digital technology innovation can be accelerated through coordinated regional development. For coastal areas, particularly the Yangtze River Delta and Pearl River Delta regions, priority should be given to the development of advanced manufacturing and digital technology innovation centers. Through government guidance and enterprise-driven efforts, the transformation and application of digital technology achievements can be expedited. For the central and western regions, optimizing industrial layouts and increasing policy support can promote the application of intelligent and green manufacturing technologies, advancing traditional manufacturing to higher technological levels while improving digital infrastructure and industrial competitiveness in these regions. ③ The collaborative innovation mechanism among the government, research institutions, and industry should be strengthened to consolidate the efforts of all parties. For instance, in the Beijing–Tianjin–Hebei region, collaboration between the government, research institutes, and enterprises should be enhanced, particularly in fields such as new energy and intelligent equipment, to overcome challenges in digital technology. In the central and western regions, the government can guide the establishment of technological innovation platforms and encourage joint research and development between local universities, enterprises, and foreign-invested companies, thus promoting technological innovation and industrial upgrading. Through the organic combination of industry, regional, and multi-party cooperation, digital technology can better integrate with China’s manufacturing industry, achieving technological breakthroughs and industrial upgrades.



Sixth, it is essential to establish a regional innovation collaboration system. A national strategy should be developed to optimize the regional distribution of the manufacturing industry, adopt differentiated development strategies for each region, integrate regional resources effectively, and promote coordinated development across regions. The eastern region should continue to drive digitalization by embedding digital technologies across all aspects of the existing manufacturing value chain and building a high-end intelligent manufacturing system. Simultaneously, it should reduce barriers to cross-border data flows, establish a cross-regional digital trade platform, and leverage the leading role of digital trade in advancing the high-quality development of the manufacturing industry. The central and western regions should implement policies supporting industry, talent, and investment; enhance digital infrastructure; and attract high-level talent to foster an environment conducive to the integrated development of manufacturing and digital trade. These regions should also actively join the cross-regional digital trade platform established by the eastern region and capitalize on the spatial spillover effects of the eastern region’s development to accelerate the high-quality growth of manufacturing in central and western China. Additionally, local governments should identify specific challenges in the development of digital trade in the manufacturing industry based on regional characteristics and establish local science and technology innovation centers to coordinate the digital transformation of industries within their regions. Moreover, they should continue to promote the construction of a collaborative innovation system at the regional level, providing the technical support necessary for China’s manufacturing industry to overcome digital transformation barriers. In the future, provincial and municipal governments should proactively plan and implement policies that will elevate the international competitiveness of China’s manufacturing industry and steadily drive it toward becoming a global manufacturing power.
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Figure 1. Localized Moran diagram of international competitiveness of manufacturing industries, 2012 and 2022. 
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Figure 2. Localized Moran diagram of the level of development of digital trade, 2012 and 2022. 
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Table 1. Indicator system for evaluating the level of development of digital trade.
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Level 1 Indicators

	
Level 2 Indicators

	
Level 2 Indicator Symbols






	
Digital trade foundation

	
Number of domain names (unit: 10,000)

	
X1




	
Number of web pages (unit: 10,000)

	
X2




	
Internet broadband access ports (unit: 10,000)

	
X3




	
Mobile telephone exchange capacity (unit: 10,000 households)

	
X4




	
Mobile phone base stations (unit: 10,000)

	
X5




	
Length of long-distance fiber-optic cable (unit: kilometers)

	
X6




	
Mobile internet access traffic (unit: 10,000 GB)

	
X7




	
Digital technology environment

	
Number of patent applications

	
X8




	
Number of patents granted

	
X9




	
R&D expenditure of industrial enterprises above the designated size (unit: RMB 10,000)

	
X10




	
Number of people employed in information transmission, software, and information technology services (unit: RMB 10,000)

	
X11




	
Digital trade potential

	
Gross regional product (unit: RMB 100 million)

	
X12




	
Proportion of science and technology expenditure within regional fiscal expenditure (%)

	
X13




	
Regional import and export volume (unit: RMB 100 million)

	
X14




	
Digital trade capacity

	
E-commerce sales (unit: RMB 100 million)

	
X15




	
Software business revenue (unit: RMB 10,000)

	
X16




	
Total telecommunications business volume (unit: RMB 100 million)

	
X17




	
Digital trade industry

	
Number of listed companies in the digital trade industry

	
X18




	
Fixed asset investment in the information transmission, software, and information technology services industry (unit: RMB 100 million)

	
X19








Source: compiled by the author.













 





Table 2. Weighting of indicators for evaluating the development level of digital trade in China.
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	Indicators
	Weights
	Indicators
	Weights
	Indicators
	Weights
	Indicators
	Weights
	Indicators
	Weights





	X1
	0.07
	X5
	0.03
	X9
	0.06
	X13
	0.03
	X17
	0.03



	X2
	0.11
	X6
	0.03
	X10
	0.06
	X14
	0.08
	X18
	0.10



	X3
	0.03
	X7
	0.03
	X11
	0.05
	X15
	0.06
	X19
	0.03



	X4
	0.02
	X8
	0.06
	X12
	0.03
	X16
	0.09
	
	







Data source: calculated and compiled by the author.













 





Table 3. Evaluation and ranking of the development level of digital trade in 31 provinces and cities in China from 2012 to 2022.






Table 3. Evaluation and ranking of the development level of digital trade in 31 provinces and cities in China from 2012 to 2022.





	Region
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	2022
	Average Index
	Sequence





	Guangdong
	0.82
	0.85
	0.88
	0.81
	0.89
	0.85
	0.88
	0.88
	0.88
	0.86
	0.86
	0.86
	1



	Jiangsu
	0.59
	0.62
	0.62
	0.56
	0.59
	0.55
	0.55
	0.55
	0.56
	0.54
	0.54
	0.57
	2



	Beijing
	0.51
	0.54
	0.57
	0.54
	0.58
	0.56
	0.56
	0.58
	0.57
	0.60
	0.61
	0.57
	3



	Zhejiang
	0.50
	0.46
	0.47
	0.45
	0.49
	0.45
	0.45
	0.46
	0.46
	0.44
	0.45
	0.46
	4



	Shandong
	0.33
	0.42
	0.40
	0.35
	0.38
	0.36
	0.35
	0.34
	0.35
	0.36
	0.37
	0.36
	5



	Shanghai
	0.33
	0.32
	0.35
	0.32
	0.36
	0.33
	0.32
	0.33
	0.34
	0.34
	0.33
	0.33
	6



	Sichuan
	0.19
	0.20
	0.22
	0.22
	0.24
	0.23
	0.24
	0.26
	0.27
	0.26
	0.25
	0.24
	7



	Fujian
	0.21
	0.19
	0.20
	0.22
	0.26
	0.28
	0.27
	0.25
	0.23
	0.23
	0.23
	0.23
	8



	Henan
	0.17
	0.17
	0.19
	0.19
	0.21
	0.21
	0.22
	0.22
	0.25
	0.24
	0.23
	0.21
	9



	Hubei
	0.15
	0.15
	0.17
	0.18
	0.18
	0.18
	0.18
	0.20
	0.19
	0.18
	0.19
	0.18
	10



	Anhui
	0.13
	0.14
	0.15
	0.15
	0.18
	0.17
	0.18
	0.18
	0.20
	0.20
	0.20
	0.17
	11



	Hebei
	0.15
	0.15
	0.15
	0.13
	0.16
	0.16
	0.16
	0.17
	0.18
	0.18
	0.18
	0.16
	12



	Hunan
	0.14
	0.13
	0.14
	0.14
	0.15
	0.15
	0.16
	0.18
	0.18
	0.17
	0.18
	0.16
	13



	Liaoning
	0.18
	0.19
	0.19
	0.17
	0.15
	0.13
	0.12
	0.12
	0.12
	0.11
	0.11
	0.15
	14



	Shaanxi
	0.10
	0.11
	0.12
	0.12
	0.13
	0.12
	0.13
	0.13
	0.12
	0.12
	0.12
	0.12
	15



	Tianjin
	0.11
	0.13
	0.13
	0.12
	0.12
	0.11
	0.11
	0.10
	0.11
	0.10
	0.09
	0.11
	16



	Jiangxi
	0.08
	0.07
	0.09
	0.09
	0.10
	0.11
	0.11
	0.12
	0.13
	0.13
	0.12
	0.10
	17



	Chongqing
	0.08
	0.08
	0.10
	0.10
	0.11
	0.10
	0.10
	0.10
	0.11
	0.11
	0.11
	0.10
	18



	Guangxi
	0.08
	0.08
	0.12
	0.08
	0.09
	0.10
	0.10
	0.11
	0.12
	0.11
	0.11
	0.10
	19



	Yunnan
	0.08
	0.09
	0.09
	0.08
	0.09
	0.09
	0.09
	0.09
	0.09
	0.09
	0.09
	0.09
	20



	Heilongjiang
	0.09
	0.11
	0.10
	0.08
	0.09
	0.08
	0.08
	0.07
	0.07
	0.07
	0.07
	0.08
	21



	Inner Mongolia
	0.07
	0.07
	0.08
	0.15
	0.08
	0.07
	0.07
	0.07
	0.07
	0.06
	0.07
	0.08
	22



	Guizhou
	0.05
	0.06
	0.06
	0.06
	0.07
	0.08
	0.08
	0.09
	0.09
	0.10
	0.10
	0.08
	23



	Shanxi
	0.07
	0.08
	0.08
	0.06
	0.07
	0.07
	0.08
	0.07
	0.08
	0.08
	0.08
	0.07
	24



	Jilin
	0.06
	0.06
	0.07
	0.06
	0.08
	0.08
	0.07
	0.06
	0.07
	0.05
	0.06
	0.06
	25



	Xinjiang
	0.05
	0.05
	0.06
	0.05
	0.06
	0.06
	0.06
	0.06
	0.06
	0.06
	0.06
	0.06
	26



	Gansu
	0.04
	0.04
	0.04
	0.04
	0.05
	0.04
	0.05
	0.05
	0.05
	0.04
	0.05
	0.04
	27



	Hainan
	0.02
	0.03
	0.03
	0.03
	0.02
	0.02
	0.02
	0.03
	0.03
	0.03
	0.03
	0.03
	28



	Ningxia
	0.01
	0.01
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	29



	Qinghai
	0.01
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	0.02
	0.01
	0.02
	0.02
	30



	Tibet
	0.01
	0.01
	0.01
	0.00
	0.01
	0.01
	0.01
	0.01
	0.02
	0.01
	0.01
	0.01
	31







Data source: calculated and compiled by the author.













 





Table 4. Ranking and maximum sequence differences for evaluating the development level of digital trade in each province in China from 2012 to 2022.
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	Region
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	2022
	Maximum Sequence Difference





	Beijing
	3
	3
	3
	3
	3
	2
	2
	2
	2
	2
	2
	1



	Tianjin
	15
	15
	15
	16
	16
	16
	17
	19
	19
	19
	21
	6



	Hebei
	12
	12
	12
	15
	12
	12
	13
	13
	13
	12
	13
	3



	Shanxi
	23
	21
	21
	24
	25
	25
	23
	23
	22
	22
	22
	4



	Inner Mongolia
	22
	23
	23
	13
	22
	24
	25
	24
	25
	24
	23
	12



	Liaoning
	9
	8
	8
	11
	14
	14
	15
	15
	15
	16
	18
	10



	Jilin
	24
	24
	24
	23
	23
	23
	24
	25
	24
	26
	26
	3



	Heilongjiang
	17
	16
	16
	22
	21
	21
	22
	22
	23
	23
	24
	8



	Shanghai
	6
	6
	6
	6
	6
	6
	6
	6
	6
	6
	6
	0



	Jiangsu
	2
	2
	2
	2
	2
	3
	3
	3
	3
	3
	3
	1



	Zhejiang
	4
	4
	4
	4
	4
	4
	4
	4
	4
	4
	4
	0



	Anhui
	14
	13
	13
	12
	11
	11
	11
	11
	10
	10
	10
	4



	Fujian
	7
	9
	9
	8
	7
	7
	7
	8
	9
	9
	9
	2



	Jiangxi
	21
	22
	22
	19
	18
	17
	16
	16
	14
	14
	14
	8



	Shandong
	5
	5
	5
	5
	5
	5
	5
	5
	5
	5
	5
	0



	Henan
	10
	10
	10
	9
	9
	9
	9
	9
	8
	8
	8
	2



	Hubei
	11
	11
	11
	10
	10
	10
	10
	10
	11
	11
	11
	1



	Hunan
	13
	14
	14
	14
	13
	13
	12
	12
	12
	13
	12
	2



	Guangdong
	1
	1
	1
	1
	1
	1
	1
	1
	1
	1
	1
	0



	Guangxi
	19
	19
	19
	21
	19
	19
	18
	17
	17
	17
	17
	4



	Hainan
	28
	28
	28
	28
	28
	28
	29
	28
	28
	28
	28
	1



	Chongqing
	18
	20
	20
	18
	17
	18
	19
	18
	18
	18
	16
	4



	Sichuan
	8
	7
	7
	7
	8
	8
	8
	7
	7
	7
	7
	1



	Guizhou
	25
	25
	25
	25
	24
	22
	21
	21
	21
	20
	19
	6



	Yunnan
	20
	18
	18
	20
	20
	20
	20
	20
	20
	21
	20
	3



	Tibet
	31
	31
	31
	31
	31
	31
	31
	31
	30
	31
	31
	1



	Shaanxi
	16
	17
	17
	17
	15
	15
	14
	14
	16
	15
	15
	3



	Gansu
	27
	27
	27
	27
	27
	27
	27
	27
	27
	27
	27
	0



	Qinghai
	29
	29
	29
	29
	29
	30
	30
	30
	31
	30
	30
	2



	Ningxia
	30
	30
	30
	30
	30
	29
	28
	29
	29
	29
	29
	2



	Xinjiang
	26
	26
	26
	26
	26
	26
	26
	26
	26
	25
	25
	1







Data source: calculated and compiled by the author.













 





Table 5. Classification of changes in the ranking of China’s level of digital trade development.
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	Categorization
	Region





	Stable development
	Beijing, Shanghai, Jiangsu, Zhejiang, Shandong, Hubei, Guangdong, Hainan, Sichuan, Tibet, Gansu, Xinjiang



	Fluctuating development
	Hebei, Jilin, Fujian, Henan, Hunan, Yunnan, Shaanxi, Qinghai, Ningxia



	Jumping development
	Tianjin, Shanxi, Inner Mongolia, Liaoning, Heilongjiang, Anhui, Jiangxi, Guangxi, Chongqing, Guizhou







Data source: calculated and compiled by the author.













 





Table 6. Weights of the four indicators of China’s manufacturing industry’s international competitiveness, 2012–2022.
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	Year
	MS Index
	TC Index
	RCA Index
	MI Index





	2012
	0.57
	0.13
	0.16
	0.14



	2013
	0.59
	0.12
	0.15
	0.13



	2014
	0.57
	0.12
	0.16
	0.15



	2015
	0.60
	0.13
	0.09
	0.18



	2016
	0.63
	0.15
	0.09
	0.14



	2017
	0.59
	0.14
	0.08
	0.19



	2018
	0.55
	0.14
	0.08
	0.24



	2019
	0.57
	0.15
	0.08
	0.19



	2020
	0.59
	0.17
	0.09
	0.14



	2021
	0.58
	0.17
	0.11
	0.14



	2022
	0.60
	0.17
	0.12
	0.11



	Average
	0.58
	0.15
	0.11
	0.16







Data source: calculated and compiled by the author.













 





Table 7. Top 10 international competitiveness rankings and composite indices of China’s manufacturing industry, 2012–2022.
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Year

	
Ranking and Composite Index




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10






	
2012

	
Guangdong

0.85

	
Jiangsu

0.64

	
Zhejiang

0.55

	
Hebei

0.44

	
Shanghai

0.44

	
Shandong 0.39

	
Ningxia

0.34

	
Inner Mongolia

0.34

	
Henan

0.34

	
Tianjin

0.33




	
2013

	
Guangdong

0.87

	
Jiangsu

0.58

	
Zhejiang

0.51

	
Hebei

0.42

	
Shanghai

0.40

	
Shandong 0.37

	
Henan

0.32

	
Fujian

0.31

	
Shanxi

0.30

	
Tianjin

0.29




	
2014

	
Guangdong 0.85

	
Jiangsu

0.59

	
Zhejiang

0.51

	
Hebei

0.45

	
Shandong 0.39

	
Shanghai

0.39

	
Henan

0.33

	
Tibet

0.33

	
Shanxi

0.32

	
Fujian

0.30




	
2015

	
Guangdong 0.82

	
Jiangsu 0.54

	
Zhejiang 0.51

	
Shanghai 0.38

	
Guangxi

0.36

	
Shandong 0.34

	
Fujian

0.32

	
Chongqing 0.31

	
Xinjiang 0.30

	
Jiangxi 0.27




	
2016

	
Guangdong 0.86

	
Jiangsu

0.57

	
Zhejiang

0.55

	
Shanghai

0.39

	
Shandong 0.35

	
Fujian

0.33

	
Xinjiang

0.32

	
Guangxi

0.31

	
Hebei

0.28

	
Chongqing 0.28




	
2017

	
Guangdong 0.82

	
Jiangsu

0.58

	
Zhejiang

0.53

	
Shanghai

0.37

	
Guangxi

0.37

	
Shandong 0.34

	
Fujian

0.32

	
Xinjiang

0.31

	
Hebei

0.30

	
Chongqing 0.27




	
2018

	
Guangdong 0.77

	
Jiangsu

0.58

	
Zhejiang

0.52

	
Guangxi

0.43

	
Shanghai

0.37

	
Shandong 0.33

	
Fujian

0.31

	
Hebei

0.30

	
Xinjiang

0.30

	
Chongqing 0.28




	
2019

	
Guangdong 0.83

	
Jiangsu

0.64

	
Zhejiang

0.60

	
Guangxi

0.41

	
Shanghai

0.40

	
Shandong 0.37

	
Fujian

0.37

	
Hunan

0.34

	
Tibet

0.33

	
Xinjiang

0.33




	
2020

	
Guangdong 0.88

	
Jiangsu

0.68

	
Zhejiang

0.68

	
Shandong 0.45

	
Shanghai

0.42

	
Fujian

0.40

	
Guangxi

0.38

	
Hunan

0.36

	
Chongqing 0.36

	
Anhui

0.36




	
2021

	
Guangdong 0.86

	
Jiangsu

0.69

	
Zhejiang

0.69

	
Shandong 0.47

	
Shanghai

0.41

	
Fujian

0.41

	
Chongqing 0.38

	
Jiangxi

0.37

	
Guangxi

0.37

	
Xinjiang

0.37




	
2022

	
Guangdong 0.86

	
Jiangsu

0.70

	
Zhejiang

0.70

	
Shandong 0.47

	
Shanghai

0.42

	
Fujian

0.39

	
Xinjiang

0.38

	
Hunan

0.36

	
Jiangxi

0.36

	
Anhui

0.35








Data source: calculated and compiled by the author.













 





Table 8. Classification and description of variables.
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Variable Category

	
Symbol

	
Variable Name

	
Description of Variable






	
Explained variables

	
MIC

	
International competitiveness of the manufacturing industry

	
Comprehensive evaluation by assigning weights to four commonly used international competitiveness evaluation indicators using the coefficient of variation method




	
Core explanatory variables

	
DT

	
Level of development of digital trade

	
Entropy weight TOPSIS combined measures




	
Control variables

	
HC

	
Human capital stock

	
Years of schooling per capita




	
INF

	
Logistics infrastructure

	
Ratio of the sum of the number of railway and motorway miles operated in each province to the land area of the region




	
GOV

	
Level of government regulation

	
The ratio of general budget expenditure to GDP




	
Mediating variables

	
FDI

	
Level of foreign investment

	
Total foreign investment




	
RD

	
Scientific and technological research and development capacity

	
Full-time equivalent R&D personnel








Source: compiled by the author.













 





Table 9. Descriptive statistics.






Table 9. Descriptive statistics.





	Variable
	N
	Mean
	SD
	Min
	Max





	MIC
	341
	0.29
	0.16
	0.00
	0.88



	DT
	341
	0.19
	0.19
	0.00
	0.89



	HC
	341
	8.98
	1.10
	4.22
	12.59



	INF
	341
	0.07
	0.05
	0.01
	0.22



	GOV
	341
	0.28
	0.21
	0.11
	1.38







Data source: calculated and compiled by the author.













 





Table 10. Base regression results.






Table 10. Base regression results.





	

	
(1)

	
(2)

	
(3)

	
(4)




	
Variable

	
MIC

	
MIC

	
MIC

	
MIC






	
DT

	
0.45 ***

	
0.45 ***

	
0.44 ***

	
0.44 ***




	

	
(0.12)

	
(0.13)

	
(0.12)

	
(0.12)




	
HC

	

	
−0.01

	
−0.00

	
−0.01




	

	

	
(0.02)

	
(0.02)

	
(0.02)




	
INF

	

	

	
−0.15 *

	
−0.16 **




	

	

	

	
(0.07)

	
(0.08)




	
GOV

	

	

	

	
−0.01




	

	

	

	

	
(0.02)




	
Constant

	
−0.07

	
0.02

	
−0.00

	
0.01




	

	
(0.07)

	
(0.19)

	
(0.19)

	
(0.19)




	
Observations

	
341

	
341

	
341

	
341




	
R-squared

	
0.93

	
0.93

	
0.93

	
0.93




	
ID FE

	
YES

	
YES

	
YES

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES








Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.













 





Table 11. Results of endogenous problem handling.
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(1)

	
(2)

	
(3)

	
(4)




	
Variable

	
DT

	
MIC

	
DT

	
MIC






	
iv1

	
0.00 ***

	

	

	




	

	
(0.00)

	

	

	




	
iv2

	

	

	
0.00 ***

	




	

	

	

	
(0.00)

	




	
DT

	

	
0.80 ***

	

	
1.15 ***




	

	

	
(0.04)

	

	
(0.09)




	
Constant

	
−0.19

	
0.62 ***

	
−0.73 ***

	
0.94 ***




	

	
(0.15)

	
(0.14)

	
(0.21)

	
(0.23)




	
ID FE

	
Yes

	
Yes

	
Yes

	
Yes




	
Year FE

	
Yes

	
Yes

	
Yes

	
Yes




	
Control

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
341

	
341

	
341

	
341




	
R-squared

	
0.50

	
0.61

	
0.34

	
0.40




	
KP rk LM

	
64.16

	
37.06




	

	
[0.00]

	
[0.00]




	
KP rk Wald F

	
59.89

	
27.09




	

	
{16.38}

	
{16.38}








Robust standard errors in parentheses. *** p < 0.01.













 





Table 12. Robustness test of the impact of digital trade on the international competitiveness of China’s manufacturing industry.
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(1)

	
(2)

	
(3)

	
(4)

	
(5)




	
Variable

	
Substitution of Explanatory Variables

	
Reduced Sample

	
One-Period Lag

	
Elimination of Special Years

	
GMM






	
DT

	
0.35 ***

	
0.41 ***

	

	
0.49 ***

	
0.43 ***




	

	
(0.11)

	
(0.12)

	

	
(0.16)

	
(0.16)




	
L.dt

	

	

	
0.22 *

	

	




	

	

	

	
(0.13)

	

	




	
L.mic

	

	

	

	

	
1.03 ***




	

	

	

	

	

	
(0.12)




	
Constant

	
−0.01

	
−0.07

	
0.12

	
1.03 ***

	
0.43 **




	

	
(0.22)

	
(0.37)

	
(0.28)

	
(0.38)

	
(0.18)




	
ID FE

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Year FE

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Control

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
341

	
319

	
310

	
248

	
310




	
R-squared

	
0.96

	
0.94

	
0.94

	
0.93

	




	
AR (1)

	

	

	

	

	
0.02




	
AR (2)

	

	

	

	

	
0.11




	
Sargan

	

	

	

	

	
0.62




	
Hansen

	

	

	

	

	
0.59








Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.













 





Table 13. Reliability testing.






Table 13. Reliability testing.










	
	Cronbach’s Alpha
	Cronbach’s Alpha Based on Standardized Terms





	Average interitem correlation
	0.51
	0.59



	Number of items in the scale
	18
	18



	Scale reliability coefficient
	0.95
	0.96







Data source: calculated and compiled by the author.













 





Table 14. Heterogeneity analysis.






Table 14. Heterogeneity analysis.





	

	
(1)

	
(2)

	
(3)

	
(4)




	
Variable

	
Nationwide

	
Eastern Region

	
Central Region

	
Western Region






	
DT

	
0.42 ***

	
0.72 ***

	
0.60 ***

	
0.44 ***




	

	
(0.12)

	
(0.04)

	
(0.18)

	
(0.09)




	
Constant

	
0.06

	
1.98 ***

	
1.68 ***

	
0.15




	

	
(0.29)

	
(0.33)

	
(0.58)

	
(0.12)




	
Observations

	
341

	
121

	
88

	
132




	
R-squared

	
0.93

	
0.78

	
0.47

	
0.16




	
ID FE

	
Yes

	
Yes

	
Yes

	
Yes




	
Year FE

	
Yes

	
Yes

	
Yes

	
Yes




	
Control

	
Yes

	
Yes

	
Yes

	
Yes








Robust standard errors in parentheses. *** p < 0.01.













 





Table 15. Mediated effects test.






Table 15. Mediated effects test.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)




	
Variable

	
MIC

	
lfdi

	
MIC

	
lrd

	
MIC






	
DT

	
0.42 ***

	
4.80 ***

	
0.36 ***

	
2.98 ***

	
0.27 **




	

	
(0.12)

	
(1.27)

	
(0.12)

	
(0.58)

	
(0.13)




	
lfdi

	

	

	
0.01 **

	

	




	

	

	

	
(0.01)

	

	




	
lrd

	

	

	

	

	
0.05 **




	

	

	

	

	

	
(0.02)




	
Constant

	
0.06

	
−2.42

	
0.09

	
9.33 ***

	
−0.42




	

	
(0.29)

	
(2.19)

	
(0.28)

	
(0.61)

	
(0.36)




	
Observations

	
341

	
341

	
341

	
341

	
341




	
R-squared

	
0.93

	
0.95

	
0.93

	
0.99

	
0.93




	
ID FE

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Year FE

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Control

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes








Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05.













 





Table 16. Overall Moran’s index for the international competitiveness of the manufacturing industry and the level of development of digital trade.






Table 16. Overall Moran’s index for the international competitiveness of the manufacturing industry and the level of development of digital trade.





	
Year

	
MIC

	
DT




	
Moran’s I

	
Z Value

	
p Value

	
Moran’s I

	
Z Value

	
p Value






	
2012

	
0.15

	
1.92

	
0.06

	
0.21

	
2.27

	
0.02




	
2013

	
0.18

	
2.26

	
0.02

	
0.19

	
2.12

	
0.03




	
2014

	
0.16

	
2.05

	
0.04

	
0.19

	
2.09

	
0.04




	
2015

	
0.23

	
2.88

	
0.00

	
0.18

	
1.99

	
0.05




	
2016

	
0.24

	
3.00

	
0.00

	
0.20

	
2.25

	
0.02




	
2017

	
0.27

	
3.29

	
0.00

	
0.20

	
2.26

	
0.02




	
2018

	
0.26

	
3.06

	
0.00

	
0.19

	
2.17

	
0.03




	
2019

	
0.30

	
3.50

	
0.00

	
0.19

	
2.12

	
0.03




	
2020

	
0.35

	
3.95

	
0.00

	
0.20

	
2.21

	
0.03




	
2021

	
0.35

	
3.96

	
0.00

	
0.20

	
2.21

	
0.03




	
2022

	
0.33

	
3.81

	
0.00

	
0.19

	
2.12

	
0.03








Data source: calculated and compiled by the author.













 





Table 17. Results of the spatial measurement selection.






Table 17. Results of the spatial measurement selection.





	Test
	Result
	p Value





	LM-Error test
	2.97
	0.09



	Robust LM-Error test
	1.42
	0.23



	LM-Lag test
	31.56
	0.00



	Robust LM-Lag test
	30.02
	0.00



	LR_spatial_lag
	19.36
	0.00



	LR_spatial_error
	9.01
	0.03



	Wald_spatial_lag
	21.70
	0.00



	Wald_spatial_error
	11.28
	0.02







Data source: calculated and compiled by the author.













 





Table 18. Regression results of the spatial Durbin model.






Table 18. Regression results of the spatial Durbin model.





	

	
(1)

	
(2)




	
Variable

	
SDM

Main

	
SDM

Wx






	
DT

	
0.73 ***

	
0.37 ***




	

	
(0.03)

	
(0.08)




	
HC

	
−0.30 ***

	
−0.12




	

	
(0.05)

	
(0.09)




	
GOV

	
−0.04 *

	
0.00




	

	
(0.02)

	
(0.03)




	
inf

	
−0.01

	
−0.00




	

	
(0.01)

	
(0.02)




	
rho

	
−0.34 ***




	

	
(0.09)




	
Sigma2_e

	
0.01 ***




	

	
(0.00)




	
Observations

	
341




	
R-squared

	
0.71




	
N

	
31








Standard errors in parentheses. *** p < 0.01, * p < 0.1.













 





Table 19. Decomposition affect test results based on the SDM.






Table 19. Decomposition affect test results based on the SDM.





	

	
(1)

	
(2)

	
(3)




	
Variable

	
SDM

Direct

	
SDM

Indirect

	
SDM

Total






	
DT

	
0.73 ***

	
0.09 ***

	
0.82 ***




	

	
(0.03)

	
(0.03)

	
(0.03)




	
HC

	
−0.31 ***

	
−0.01

	
−0.32 ***




	

	
(0.05)

	
(0.07)

	
(0.06)




	
GOV

	
−0.03 *

	
0.01

	
−0.02




	

	
(0.02)

	
(0.03)

	
(0.02)




	
inf

	
−0.01

	
0.00

	
−0.01




	

	
(0.01)

	
(0.02)

	
(0.01)




	
rho

	
−0.34 ***




	

	
(0.09)




	
Sigma2_e

	
0.01 ***




	

	
(0.00)




	
Observations

	
341




	
R-squared

	
0.71




	
N

	
31








Standard errors in parentheses. *** p < 0.01, * p < 0.1.
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