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Abstract


In the era of the digital economy, how digital transformation (DT) contributes to economic development has become a topic of growing interest. This study focuses on business model innovation (BMI) driven by DT in the manufacturing sector. From this perspective, we aim to explore how DT can reshape the fundamental connotation of economic development. To this end, we construct a mathematical model grounded in a Multi-Structural Economic System framework and employ econometric models focusing on fixed effects, mediation effects, and moderation effects. We also compile a panel dataset using data from China spanning from 2008 to 2024. The empirical findings reveal that BMI serves as a mediation mechanism between the DT and competitive advantage (CA) of manufacturing enterprises. However, competitive imitation of BMI by peer enterprises partially offsets this effect, weakening the relationship between DT and enhanced CA. These findings offer evidence-based insights into the role of BMI in the digital era. For policymakers and industry regulators, this study provides practical implications for promoting knowledge spillovers from BMI, thereby fostering market dynamism and enabling structural transformation in the manufacturing industry.
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1. Introduction


Digital transformation (DT) enables data to transcend time and space and integrate with traditional production factors, driving extensive enterprise-level change. Such transformation has proven effective in facilitating the upgrading and restructuring of manufacturing enterprises (Fu, 2022; Johns, 2022). These changes are not merely technological adoptions but reflect profound shifts in overall business models, offering crucial support for enterprises to remain competitive in the digital era (Omidvar et al., 2025). As traditional modes of production and operation struggle to meet the demands of the digital economy, DT has become a pressing necessity for the future development of manufacturing enterprises (Johns, 2022; Y. Zhou et al., 2019; Banga, 2022). Therefore, to better understand how manufacturing enterprises leverage digital technologies to enhance their performance, it is essential to examine the impact of business model innovation (BMI).



BMI refers to the process by which enterprises improve or redesign the methods through which they create value. It is considered a key mechanism for helping enterprises adapt to market changes or gain competitive advantages (Dewan & Kraemer, 2000). By understanding market demands, enterprises adjust and innovate their business models to build market power, which is widely recognized as an essential way for both enterprises and industries to enhance competitiveness (Hanelt et al., 2021; Mikalef & Pateli, 2017; Scuotto et al., 2021). With the advent of the digital economy, BMI has become an extensively discussed topic in the survival and development of the manufacturing sector. Typically, enterprises utilize digital technologies to strengthen network effects with upstream and downstream partners, improve market performance, and consolidate their market position. This view has been supported by the widespread adoption of digital technologies among global enterprises (Ibarra et al., 2018; Zott & Amit, 2007). Moreover, some scholars argue that dominant enterprises in the digital era are more likely to achieve economies of scale, resulting in the phenomenon of winner takes all among enterprises (Brettel et al., 2012; Forkmann et al., 2017).



However, the resource allocation patterns and value creation logic of manufacturing enterprises are undoubtedly different from those of platform enterprises. These differences present challenges to enterprises that are seeking to establish competitive advantage (CA) through DT. This issue remains underexplored in existing research on manufacturing. The resource allocation and production models of manufacturing enterprises are rooted in the physical economy, making their digital investments highly asset specific (Riordan & Williamson, 1985). Once such specific assets are formed, they become locked into particular forms and production or transaction models, resulting in high switching costs during transformation (Kermani & Ma, 2023). To cope with the lock-in effect and the risk of opportunism associated with asset specificity, enterprises often adopt conservative investment and management strategies. They may reduce or even cancel investments in high-risk projects and take a cautious stance toward further DT and innovation (Joskow, 1988; Kim, 2018). As a result, DT in these enterprises often yields benefits only within niche sectors or product categories, which contrasts with findings in studies on digital platform enterprises (Abrell et al., 2016; X. Sun et al., 2024).



Traditional value creation logic also brings security and privacy risks to the DT of manufacturing enterprises. In market competition, platform enterprises that create value through supply and demand matching can leverage digital networks and Metcalfe’s Law to achieve monopoly over supply chains and sales chains by expanding their user base (Cutolo & Kenney, 2021; Pan et al., 2023). However, manufacturing enterprises primarily rely on semi-standardized industrial production; consequently, they cannot rely solely on scale advantages to build market exclusivity. As digital integration deepens, the exposure of sensitive information in areas such as product design, production processes, and supply chains becomes more likely (Tilson et al., 2010; Y. Chen & Zeng, 2022). Competitive imitation by peer enterprises can also undermine the positive effects of DT (Kiveu et al., 2019; Mahesh et al., 2020). Furthermore, uncertainties in production technologies, product development, and market responses can elevate operational risks for these enterprises (Chavez et al., 2023; Björkdahl, 2020; Buer et al., 2021).



These challenges contribute to the ongoing debate over the impact of DT on enterprise competitiveness. Some scholars posit that DT helps reduce transaction costs (Dewan & Kraemer, 2000; Hanelt et al., 2021), automate and enhance production processes (Mikalef & Pateli, 2017), strengthen capital spillovers (Horvat et al., 2019; S. Chen & Zhang, 2021), and improve innovation performance (J. Zhou, 2013; Trabucchi & Buganza, 2019). All of them can enhance the competitiveness of enterprises (Y. Q. Wu et al., 2021; Wen et al., 2022; Gao et al., 2023). However, opposing views highlight that the complex production systems of manufacturing enterprises make DT costly and time-consuming (Vasylyshyna et al., 2022; Chavez et al., 2023), potentially leading to structural unemployment or production stagnation due to workforce adjustments (Bertschek & Kaiser, 2004; Black & Lynch, 2001). Others, from a cybersecurity perspective, warn that DT exposes sensitive data, which may result in the leakage of production technologies and supply chain resources (Björkdahl, 2020; Buer et al., 2021). This not only boosts the capabilities of potential competitors but also creates legal risks associated with privacy breaches, potentially damaging reputation and social capital (Choi et al., 2019). Therefore, it is of both theoretical and practical significance to investigate the mechanisms through which DT influences CA in the manufacturing sector.



Although most studies acknowledge that digital technologies can enable manufacturing enterprises to build competitive advantage, few are grounded in formal mathematical models (Hanelt et al., 2021). Moreover, limited attention has been given to the role of business model innovation and competitive imitation in this process (Z. Zhang et al., 2022). The study addresses this gap by focusing on the role of BMI. Specifically, it investigates how digital technology investment influences enterprise competitiveness in manufacturing and elucidates the underlying mechanisms, providing both theoretical insight and empirical evidence for evaluating the performance outcomes of DT.



To be specific, (a) the study develops a theoretical framework based on a Multi-Structural Economic System (MSES) Model, which explains how DT promotes BMI and enhances the competitiveness of production-oriented enterprises. It also incorporates industrial organization theory to examine the impact of competitive imitation. (b) We construct a panel dataset using data from Chinese listed enterprises between 2008 and 2024, covering 50 sub-industries. A series of econometric models, including fixed-effects models and chain mediation models, are developed to test the effect of DT on the market competitiveness of manufacturing enterprises, with a particular focus on the mediating role of BMI. (c) We further incorporate the moderation effects of market competition by using moderation models, in order to examine the impact of imitation by competitors.



This paper consists of seven sections. Section 2 reviews the relevant literature on BMI, the benefits of DT in enterprises, and competitive imitation. Section 3 constructs a theoretical analysis framework based on the MSES model and derives research hypotheses through theoretical modeling. In Section 4, we describe the data sources, measurement methods, and analytical methods. Section 5 presents the empirical results validated through econometric models. In Section 6, we discuss the main findings and propose theoretical and practical implications. Section 7 summarizes the main conclusions, contributions, and directions for future research.




2. Literature Review


2.1. Digital Technology and Business Model Innovation


Research on BMI driven by DT in enterprises has developed relatively recently. Most scholars agree that DT has a positive effect on enterprises’ exploration of new approaches and logics to create value. Given the different focal points of DT, enterprises exhibit diverse paths toward realizing BMI (Han & Zhang, 2022). Early studies argued that DT enables enterprises to identify patterns in customer behavior from data, thereby facilitating value matching for consumers or downstream supply chains (Zott & Amit, 2010). This represents a demand-driven model of innovation for value creation (Gu & Zhang, 2024). Some scholars emphasize the role of digital technologies in internal business operations, suggesting that DT helps optimize internal business structures, operational processes, and work patterns (Soukhoroukova et al., 2012; Ancillai et al., 2023; Mittra et al., 2015). This reflects a supply-side innovation mechanism. In addition, other studies highlight digital technologies in promoting value interaction between enterprises and customers, arguing that DT improves the ability to capture customer needs and to adjust operations accordingly (Ciampi et al., 2021), showcasing interactive innovation based on supply–demand interplay.



The relationship between DT and BMI in manufacturing enterprises can be illustrated as shown in Figure 1. Digital technologies impact enterprises through efficiency enhancement and product innovation across three dimensions: the supply side, the demand side, and supply–demand alignment. These impacts serve to refine or reconstruct the value creation logic of enterprises (S. Z. Wang & Nie, 2011; Picciotti, 2017), thereby achieving BMI.



Some scholars have analyzed the relationship between the enterprise life cycle and BMI. They argue that the growth stage is the phase with the greatest freedom for BMI (Trimi & Berbegal-Mirabent, 2012; Taran et al., 2015). In the maturity stage, the impact of DT on BMI in manufacturing enterprises weakens (Freisinger et al., 2021), while in the decline stage, BMI in manufacturing enterprises is more reflected in thorough business transformation (Meier & Massberg, 2004; Chandler et al., 2014).




2.2. The Impact of Enterprises Adopting Digital Technology


Tracing the theoretical lines of performance research on enterprise DT, it is evident that most studies are based on the breakthrough of technological revolutions in the scale boundaries of enterprises. Classical economic theory posits that economies of scale are the primary drivers of enterprise growth. The intrinsic motivation behind enterprise growth lies in the pursuit of scale economies, wherein enterprises continuously adjust and optimize to achieve an optimal scale (Xiao & Huang, 2006; Morroni, 2007; Valerdi et al., 2008). In contrast, new institutional economics views enterprise growth not only as functional expansion but also as boundary expansion. As enterprises expand boundaries, they internalize transactions previously handled through markets to minimize market transaction costs (Gulbrandsen et al., 2017). Technological revolutions lead to economic revolutions (Gawer, 2021), and each technological revolution results in the modernization of the entire production system, ultimately generating new production practices (Foresman, 2016).



Most studies on the impact of DT in manufacturing on CA focus on the optimization of production and operations through the basic characteristics of DT, such as real-time capability, connectivity, and replicability. These studies argue that DT helps break down information silos between business systems within enterprises, reducing transaction costs in operations and improving management efficiency (Peng & Tao, 2022). DT is beneficial for automating and intelligentizing production processes in manufacturing enterprises, thereby enhancing the predictability of production risks and improving production efficiency (D. Wang & Shao, 2024; Rangaswamy et al., 2020). It also helps strengthen the spillover effects of knowledge and human capital, promoting the integration of innovation resources and improving innovation capabilities, thereby enhancing innovation performance (Bielig, 2023; Bhandari et al., 2023). There is a positive impact on enterprises forming CA (Di Silvestre et al., 2018; Oliveira et al., 2021), or affirming the positive role of DT from the perspective of improving financing capabilities and avoiding entrepreneurial myopia (Zaman et al., 2025). However, some studies suggest that the complex production processes in manufacturing enterprises increase the difficulty of digitalizing production, while the asymmetry of production data and supply chain information pose challenges for complex data integration. The need for updating equipment and infrastructure puts financial and time pressures on enterprises, and even adjusting human resource structures may lead to structural unemployment or production stagnation risk (Black & Lynch, 2001), thus bringing the risk of failure to DT in manufacturing enterprises (Sandulli et al., 2014).




2.3. The Dynamics of Competitive Advantage and Competitive Imitation


Competitive advantage refers to the relative position of an enterprise in the market, representing the level and stance of the enterprise leadership in value creation, such as resource development, integration, and utilization, compared with its competitors. Existing research explains the sources of competitive advantage from perspectives such as resource exclusivity, cost advantage, differentiation strategy, technological innovation, economies of scale, brand advantage, and network effects (Cantwell & Vertova, 2004; Amir & Lazzati, 2011; Shim & Lee, 2012; Fast et al., 2023). The establishment of competitive advantage is not static; it is influenced by factors such as competitor behavior, business environment, customer demand, and technological innovation. As a result, the competitive ability of an enterprise in the market evolves dynamically (L. L. Wang & Gao, 2021).



Among these factors, the influence of competitor behavior has always been present, directly affecting the establishment of the competitive advantage (Rivkin, 2001). Research on competitive imitation originates from the Herding Effect Theory. Industrial organization theory constructs theoretical frameworks, such as the Cournot model, the Bertrand model, the Stackelberg model, and the Beloff model. In these models, regardless of the game strategy employed by enterprises, the response decisions of competing enterprises always cause enterprise profits to deviate from expectations, corroborating the significant impact of competitor behavior on the establishment of CA. Some scholars, starting from the innovation behavior of enterprises, construct game models to analyze the decision-making logic of innovation and imitation, suggesting that in highly competitive markets, the innovation efforts and business model optimization of the enterprise may become a reference for other competitors to maintain competitive balance (L. Wang et al., 2024; Li, 2025). This phenomenon is more evident in platform enterprises (Duffy & Ralston, 2020; Park & Yi, 2024), which challenges the CA of first-mover enterprises.





3. The Theoretical Framework and Hypotheses


We construct the theoretical framework in three main steps. First, we develop an MSES model to analyze the relationship between DT and BMI. Our theoretical contribution lies in introducing digital technology as a tradable service, which serves as the starting point for modeling DT. Changes in the production and consumption structures of economic agents across products X, Y, and the digital service DT reflect the emergence of BMI. Second, we examine how BMI contributes to CA. This part builds upon the Cournot model and the Bertrand model, in which we solve for the impact of BMI on firm-level equilibrium output under monopolistic competition. Third, we incorporate the effect of competitive imitation by analyzing dynamic responses from rival enterprises within a Stackelberg competition framework.



3.1. The Relationship Between Digital Technology and Business Model Innovation


This section focuses on the mechanistic research of how DT leads to BMI. Based on the MSES model of neoclassical economics (Miller, 2004), we incorporate information technology elements into the analysis of production growth (Huang et al., 2019) and examine how the increasing level of DT in production-oriented enterprises alters their business models and the potential productivity incentives and competitive advantages brought by innovations in value creation methods.



First, the MSES model is constructed. It is assumed that there are two products, X and Y, in the economic system, with economic agents producing and consuming these two products. Labor endowment serves as the production factor, and the scale of economic agents is sufficiently large, with production following the law of diminishing marginal returns. In the context of DT, resources are not only used for the production of products X and Y, but also flow into the production of DT or the trade of digital services, such that the production functions and budget constraints faced by economic agents are as shown in Equations (1) and (2).


    x +  x s  =  L x a      y +  y s  =  L y a      D +  D s  =  L D b       L x  +  L y  +  L D  = 1    



(1)






   p x  (  x s  −  x d  ) +  p y  (  y s  −  y d  ) +  p D  (  D s  −  D d  ) = 0  



(2)







In this context,  x  represents the quantity of product X produced and sold by the economic agent,    x s    represents the quantity of product X supplied to the market by the economic agent as a producer, and    L x    represents the share of productivity spent on producing product X. The same economic meanings apply to  y ,    y s   , and    L y    for product Y, and  a  represents the degree of specialization, which in turn indicates the efficiency of labor resource transformation in producing products X and Y. As the degree of specialization increases, the production transformation efficiency gradually increases (  a > 1  ). The character  D  indicates the economic agent’s self-supply of DT, and    D s    represents the provision of digital services by the economic agent to the market. The    D d    represents the digital services obtained by the economic agent from market transactions, and    L D    represents the share of productivity invested in DT. The codability of DT makes a high level of expertise a key factor in improving production efficiency. It is still assumed that the accumulation of labor skills has a positive impact on production transformation efficiency (  b > 1  ). The characters    p x   ,    p y   , and    p D    represent the prices of products X, Y, and digital services in the market.



Then, the influence of DT is introduced. The theoretical derivation primarily focuses on the ability of DT to solve information asymmetry problems, using the Cobb–Douglas utility function to measure the utility of economic agents, as shown in Equation (3). To make the utility model more aligned with the market transaction environment, the Iceberg Cost paradigm is borrowed to introduce the concept of transaction costs, assuming that there are transaction costs between economic agents, and  r  can be understood as market transaction efficiency. As the integration of DT with economic agents deepens, the degree of information asymmetry in the market decreases, and transaction efficiency improves. Therefore, market transaction efficiency is positively influenced by the level of DT. This can be characterized by   r =   ( D +  D d  )  λ   .


  U =   [ x +   ( D +  D d  )  λ   x d  ]  α  ∗   [ y +   ( D +  D d  )  λ   y d  ]   1 − α    



(3)







Furthermore, the potential business models of economic agents and their conditions are derived. For different economic agents, their business models can be summarized into three categories: the first category of economic agents adopts a fully self-sufficient business model (   M 1   ). The second category adopts a partially market-divided business model (   M 2   ), engaging in market transactions for certain products and services while maintaining the ability to produce and sell most products and services internally. The third category adopts a fully market-participating business model (   M 3   ), participating in the market division of labor as part of a multi-structured market. These business models can be represented by Equation (4).


  K × M = K ×      x     x s       x d       y     y s       y d       D     D s       D d         



(4)




where  K  is the coefficient matrix, representing the shares of products X, Y, and DT in the equilibrium state, and    M  i j     indicates the production and transaction status of products or services under the respective business model. Value 1 is assigned to the first column if the economic agent produces a given product or service; otherwise, it is 0. The second column reflects the sales status of the corresponding product, and the third column indicates whether the product is purchased from the market. For example, in the first row, the entry  x  denotes whether the agent produces product X,    x s    indicates whether the agent supplies product X to the market, and    x d    shows whether the agent purchases product Y from the market.



These economic agents make decisions regarding their business models, optimizing constraints around the utility function (Equation (3)), production function (Equation (1)), and budget constraint (Equation (2)) under the respective constraints of each business model (   M i   ). Assuming equivalence of preferences for products X and Y across economic agents (  α = 0.5  ), the optimal responses of economic agents under each business model, along with the equilibrium utility conditions and transaction efficiency thresholds, are shown in Table 1.



The study then analyzes the relationship between DT in enterprises and BMI. In Table 1, when the degree of DT is low, market transaction efficiency conforms to    r ∗  ∈   0 , 4 /     2 I     2 a      . In this scenario, economic agents face high transaction costs. The cost for economic agents to acquire products and services through market transactions is much higher than self-production, leading to the adoption of a self-sufficient business model (   M 1   ). As DT deepens, the digital services acquired by economic agents (  D +  D d   ) continuously increase, and market transaction efficiency improves to    r ∗  ∈   4 /     2 I     2 a   , T    . It is suggested that the decline in transaction costs leads to greater utility from market-acquired products than from internal production using equivalent labor input; however, due to residual information asymmetry, economic agents may still lack sufficient incentive for full market participation. At this point, the optimal business model is partial market division (   M 2   ). As the integration of DT and the economy deepens further (  D +  D d  ≥ 0.5  ), market transaction efficiency increases to a higher level (   r ∗  > T  ), and the labor input required by economic agents to produce both products begins to exceed the need for market transactions to achieve the same utility. At this stage, the business model of the economic agent gradually evolves into a fully market-participating business model (   M 3   ). In summary, DT reduces TC among economic agents, promotes more efficient market specialization, and drives the evolution and innovation of business models.




3.2. The Establishment of Enterprise Market Competitive Advantage


Further analysis is conducted on how enterprise DT enhances competitiveness and expands CA through BMI. Enterprises with different levels of DT have varying abilities to overcome information asymmetry, resulting in differentiated business models under optimal decision making. The study on the formation of competitive advantage focuses primarily on enterprises involved in market transactions. Taking the market for product X as an example, when the DT level of an enterprise is low, the optimal business model is    M 2   . At this point, the average cost of production can be understood as the labor input required to produce a unit of the product, as shown in Equation (5). As DT progresses, the optimal business model gradually evolves into    M 3   , and the average cost of production is shown in Equation (6).


  A  C  M 2 _ x   =     L x    x +  x s     =  (    2 a   λ b + 2 a      )  1 − a    



(5)






  A  C  M 3 _ x   =     L x    x +  x s     = 1  



(6)







Assume there are two enterprises in the market for product X, Enterprise 1 and Enterprise 2, both of which only produce product X and are homogeneous except for their DT levels. Market demand is understood as a linear relationship, as shown in Equation (7).


  P = A − B (  x 1  +  x 2  )  



(7)







When the two enterprises engage in price competition, each enterprise will attempt to lower its price to gain a larger market share. Under the assumption of homogeneity, the competitive advantage of the enterprises is based on the optimization of production costs due to DT. The price competition outcomes for Enterprise 1 and Enterprise 2 at different levels of DT are solved using the Bertrand model, and the results are shown in Table 2.



From Table 2, it can be seen that when a price competition strategy is adopted, regardless of the DT level of Enterprise 2, as the DT level of Enterprise 1 increases, the business model of Enterprise 1 shifts toward    M 3   , which will increase its market supply of product X; in other words, the DT of Enterprise 1 expands its market share in the equilibrium state, benefiting the expansion of its CA. When Enterprise 2 has an extremely low level of DT, its optimal business model is    M 1   . At this point, the equilibrium supply of Enterprise 1 at different levels of DT is 0,      A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a        and      A − 1   2 B     . Since      A − 1   2 B    >    A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a       , the equilibrium output of Enterprise 1 gradually increases with DT. This conclusion holds when the business model of Enterprise 2 is    M 2    or    M 3   , indicating that DT still positively impacts its CA.



Considering market share competition, the impact of DT on its CA is examined. The market share competition outcomes for Enterprise 1 and Enterprise 2 at different levels of DT are solved using the Cournot model, and the results are shown in Table 3.



From Table 3, it can be seen that as both enterprises adjust their supply to compete for market share, with the deepening of DT, BMI increases the equilibrium market supply of both enterprises, thereby forming competitive advantages and promoting the expansion of their CA. Specifically, when Enterprise 2 has a low level of DT and is in    M 2   , equilibrium supply at different DT levels of Enterprise 1 is      A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a       ,      ( A − 2 )   ( λ b + 2 a )   1 − a   +     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a       . Due to the assumption of the model (  a > 1  ,   b > 1  ,   λ > 0  ), it can be proven that      ( A − 2 )   ( λ b + 2 a )   1 − a   +     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a      >    A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a        holds. As DT progresses, Enterprise 1 gradually establishes an advantage in market competition with Enterprise 2. Similarly, when Enterprise 2 has a higher level of DT and is in    M 3   , Enterprise 1 can still increase its market share gradually to 50% through DT, indicating that enterprise DT has a positive impact on expanding CA.



In summary, our theoretical framework clarifies how DT in manufacturing reduces TC, facilitates BMI, and enhances CA. Based on the analyses in Section 3.1 and Section 3.2, we propose the following hypotheses:



Table 2 and Table 3 consistently indicate that DT in manufacturing significantly contributes to the expansion of market power, thereby fostering CA.



H1. 

Digital transformation of manufacturing enterprises is beneficial for establishing competitive advantages.





Section 3.1 explores the relationship between DT, TC, and BMI. The application of digital technologies helps alleviate information asymmetry and reduce TC between economic agents. As the degree of DT increases, the utility of obtaining intermediate goods or services via market exchange begins to exceed that of internal production, leading to deeper market specialization and driving BMI. Section 3.2 discusses how BMI enhances CA. The evolution of business models is accompanied by increasing returns to unit input. This improvement allows enterprises to achieve lower production costs in price-based competition or stronger economies of scale in quantity-based competition, thereby strengthening CA.



These findings suggest that digital transformation in manufacturing can reduce transaction costs and promote business model innovation. And the BMI helps enhance enterprise competitiveness. This implies the existence of a chain transmission mechanism linking DT to CA, leading to the formulation of the following hypothesis:



H2. 

Digital transformation enhances competitive advantage in manufacturing firms through a chain mechanism of reduced transaction costs and improved business model innovation.






3.3. The Impact of Competitive Imitation


In a highly competitive market, technological innovation and business model optimization may be imitated by other competitors, eroding the competitive advantage established by the first mover and forming a new market equilibrium. Research on CA must consider the impact of competitors. To further analyze the impact of imitation on market structure under the security and privacy risks of DT, the perspective of the Stackelberg model is incorporated into the analysis. It is assumed that Enterprise 2 has established strong CA and has become the leading enterprise in market production decisions, while Enterprise 1 is the market follower. The BMI and imitation effects are shown in Table 4.



Considering DT led by the leading enterprise, from Table 4, it can be seen that when the DT level of Enterprise 2 increases, its business model evolves to    M 3   , and the market equilibrium output increases from      A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a        to      ( A − 2 )   ( λ b + 2 a )   1 − a   +     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a       . DT leads to BMI, effectively promoting the leading enterprise to form a competitive advantage. As a competitor, Enterprise 1 recognizes the improvements in transaction efficiency and production efficiency brought about by DT, and similarly undertakes DT to imitate Enterprise 2. Under the new competitive framework, as Enterprise 1 deepens its DT, its business model gradually transitions from    M 2    to    M 3   . The imitation reduces the equilibrium supply of Enterprise 2 from      ( A − 2 )   ( λ b + 2 a )   1 − a   +     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a        to      A − 1   2 B     . It indicates that in a DT led by the leading enterprise, the imitation behavior of the follower enterprise constrains the expansion of CA through DT.



We then consider DT led by the follower enterprise in Table 4. It can be seen that when Enterprise 1 undertakes DT and achieves BMI, its equilibrium output increases from      A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     4 B   ( λ b + 2 a )   1 − a        to      ( A − 3 )   ( λ b + 2 a )   1 − a   + 2     2 a     1 − a     4 B   ( λ b + 2 a )   1 − a       , and its market share increases from     1 3     to      ( A − 3 )   ( λ b + 2 a )   1 − a   + 2     2 a     1 − a     ( 3 A − 1 )   ( λ b + 2 a )   1 − a   − 2     2 a     1 − a       , thus facilitating the expansion of its CA. Enterprise 2, as the leading enterprise, may imitate Enterprise 1 to maintain its market advantage, evolving from    M 2    to    M 3   . The equilibrium output of Enterprise 1 then decreases from      ( A − 3 )   ( λ b + 2 a )   1 − a   + 2     2 a     1 − a     4 B   ( λ b + 2 a )   1 − a        to     1 3    , while the market share gradually shrinks from      ( A − 3 )   ( λ b + 2 a )   1 − a   + 2     2 a     1 − a     ( 3 A − 1 )   ( λ b + 2 a )   1 − a   − 2     2 a     1 − a        to     1 3    . This means that in a DT led by the followers, the imitation by the leading enterprise also constrains the ability of the followers to expand CA.



In summary, in a static competitive relationship, enterprises use DT to eliminate the negative impact of information asymmetry and achieve business model optimization and innovation, establishing a competitive advantage in the market and benefiting from the positive effects of DT. From a dynamic perspective, however, both leading and follower enterprises have incentives to imitate competitors’ DT and BMI to establish or maintain market dominance. Competitive imitation causes the effects of DT to spill over within the industry, improving the production efficiency of competitors within the industry. It also opens up the black box of manufacturing production, lowering entry barriers for external enterprises, intensifying industry competition, and constraining enterprises from expanding their CA through DT.



H3. 

Business model innovation has become the subject of observation and imitation by competitors, and the imitation has a negative impact on the effectiveness of enterprise DT, constraining enterprises from achieving competitive advantage through DT.





Based on the above analysis, our research framework is shown in Figure 2.





4. Methodology


4.1. Data Sources


This study selects Chinese publicly listed manufacturing enterprises from 2008 to 2024 as the primary research subjects. A panel dataset is constructed, covering 50 sub-industries and comprising a total of 29,131 samples. The dataset includes several categories of core variables. Enterprise-level operational data are obtained from the CSMAR database. Industry-level data are derived from Chinese official business registration records and macroeconomic statistical yearbooks. Regional economic indicators related to the locations of enterprises are collected from the statistical yearbooks of Chinese cities.




4.2. Variable Measurement


4.2.1. Dependent Variable


Competitive Advantage (CA). The competitive advantage of enterprises in the market is calculated using the price markup to avoid the issues of missing data for non-listed companies and difficulties in marginal cost estimation that exist in methods such as HHI and the Lerner Index. Referring to the approach by Loecker and Warzynski (2012), the price markup is calculated using the ratio of variable cost elasticity to the share of variable input in production under the condition of minimizing production cost.



The methodological steps are as follows:




	(1)

	
Firms are first grouped according to their respective industries.




	(2)

	
A Translog production function is then constructed, as shown in Equation (8), where    l  i t     denotes the price of labor input for firm  i  in year  t , proxied by the average employee compensation.    k  i t     represents the price of capital input, proxied by the long-term return on capital.    ω  i t     and  ε  denote the total factor productivity estimated using the Olley–Pakes (OP) method and the error term.


   y  i t   =  β 1   l  i t   +  β 2   k  i t   +  β 3   l  i t  2  +  β 4   k  i t  2  +  β 5   l  i t   ∗  k  i t   +  ω  i t   + ε  



(8)








	(3)

	
Equation (8) is estimated separately for each industry sample, yielding the regression coefficients    β 1   ,    β 2    and    β 5   .




	(4)

	
They are then substituted into Equation (9) to compute the elasticity of variable costs    θ  i t  X    for firm  i  in year  t .


     θ ^    i t  X  =    β ^   1  +   2   β  ^   2   l  i t   +    β ^   5   k  i t    



(9)








	(5)

	
The share of variable input in total output    α  i r  X    is calculated, with the numerator and denominator represented by operating costs and total operating revenue, respectively.




	(6)

	
Finally, we obtain the CA indicator for sub-sectors, as shown in Equation (10).


  P  I  i t   =  θ  i t  X  /  α  i r  X   



(10)













The data are summarized in Table 5.




4.2.2. Independent Variable


Digital Transformation (DT). The number of intangible assets associated with digital technologies is used as the indicator for digital transformation, where the definition of digital technology intangible assets refers to the treatment of Fan et al. (2023). When measuring DT at the enterprise level, existing studies have gradually developed three main methods of calculation: digital system applications (Z. Sun & Hou, 2019), annual report disclosure keyword frequency (F. Wu et al., 2021), and the proportion of digital assets. The characteristics of DT make DT in enterprises have relatively low marginal costs (J. Zhang & Li, 2023). The cost of the digital economy primarily arises from the high threshold for technology adoption, meaning that the relationship between the investment in DT and the production scale is not linear. Using the proportion of intangible assets associated with DT to measure the degree of DT will underestimate the transformation level of larger enterprises, as listed companies tend to be larger in scale; therefore, the number of intangible assets associated with DT should be used to measure the DT of enterprises.




4.2.3. Mediation and Moderation Variables


Transaction Costs (TC). The study focuses on the internal and external organizational efforts enterprises expend to maintain smooth business operations. From the perspective of external transactions, some scholars argue that selling expenses reflect the costs incurred in the process of product sales or service delivery and can thus serve as a proxy for transaction costs (Cai et al., 2024). Others further include administrative expenses—those incurred by corporate administrative departments for organizing and managing production activities—as part of transaction costs. This broader view regards both selling and administrative expenses as relevant indicators (Huang et al., 2019). We align with the latter view, using the sum of operating expenses and management expenses as the indicator for TC.



Business Model Innovation (BMI). The BMI indicator is constructed based on the approach of Guo et al. (2018), using a multi-dimensional vector of the revenue model, value proposition, and cost structure, and measuring the cosine distance to the industry vector. Although the paths and forms of BMI in each module vary, the changes brought by a new business model are directly reflected in the revenue model, value proposition, and cost structure. Therefore, BMI is measured by the differences in these three aspects between the enterprise and the industry. The revenue model is represented by the proportion of service revenue to total revenue and the proportion of current assets to total revenue. The value proposition is represented by the proportion of purchases from the top five suppliers and the proportion of sales to customers. The cost structure is represented by the proportion of sales expenses and the operating cycle. These indicators are normalized at the industry level, and then the cosine similarity between the business model vector of enterprises and that of the sub-sector is calculated. The indicator for BMI is set based on the cosine distance, as shown in the shaded area of Figure 3.



Competitive Imitation. Market behavior evolves dynamically. When digital enterprises emerge in the market, the digital economy generates technological spillovers to the traditional economy, promoting the transformation and upgrading of other enterprises within the industry (Li et al., 2024; Montemari et al., 2024). Changes in business models are more direct (Climent et al., 2024) and more easily recognized by competitors than other DT measures. Thus, the study measures the spillover effect within the industry using the average BMI level in the sub-sector (I_BMI).




4.2.4. Control Variables


Control variables are incorporated to account for two categories of factors influencing enterprise CA: enterprise-specific characteristics and city-level contextual variables (Y. Zhang et al., 2024; Xie & Wu, 2024; Sui et al., 2024). At the enterprise level, resource exclusivity is measured using the ownership structure and power concentration of the enterprise, controlling for the competitive advantage brought by policy assistance and entrepreneurial resources. The scale of the enterprise is used to control for the positive impact of economies of scale on establishing CA, measured as the natural logarithm of the total assets. Labor costs, capital costs, and operational conditions represent the cost advantages established by the enterprise, with operational conditions measured by the total asset growth rate. The founding year variable is also controlled. At the city level, the GDP of the location city is used to control for the advantages gained from local economic development. The development potential and orientation are represented by the total population at the end of the year and the administrative level. The market segmentation index and actual foreign investment are used to control the impact of the business environment.





4.3. Model Building


We construct econometric models based on the results of the theoretical framework, aiming to investigate the impact of DT on the CA of manufacturing enterprises. Since CA is inevitably influenced by year-specific and industry-specific characteristics, we adopt a fixed-effects (FE) model to control for these unobserved heterogeneities. A Hausman Test is also conducted to ensure the validity of the model selection, as shown in Equation (11):


  C  A  i j t   =  β 0  +  β 1  D  T  i j t   + Φ  X  i j t   + Ψ  X  j t  ′  +  μ i  +  δ t  +  ε  i , t    



(11)







Here,  i ,  j , and  t  represent a specific manufacturing enterprise, the industry category of the enterprise, and the year of the sample, respectively.    X  i j t     represents the enterprise-level control variables,    X  j t  ′    represents the city-level control variables, and  Φ  and  Ψ  are the coefficient vectors of the control variables. The model controls individual fixed effects (   μ i   ) and time fixed effects (   δ t   ).


     M  i j t  λ  =  β 0  +  a λ  D  T  i j t   + Φ  X  i j t   + Ψ  X  j t  ′  +  ε  i , t       C  A  i j t   =  β 0  +  c ′  D  T  i j t   +   ∑  λ = 1  2    b λ   M  i j t  λ    + Φ  X  i j t   + Ψ  X  j t  ′  +  ε  i , t       C  A  i j t   =  β 0  + c D  T  i j t   + Φ  X  i j t   + Ψ  X  j t  ′  +  ε  i , t      



(12)







We propose that DT reduces TC and promotes BMI in H2, suggesting a mediation pathway among the core variables. To examine the underlying causal mechanisms, we employ a mediation analysis framework. Referring to the method of Gelbach (2016), a chain mediation effect model that includes DT, TC, BMI, and CA is constructed (Equation (12)). In this model,    M  i j t  λ    represent the variables for TC or BMI. Sobel Tests are used to assess the significance of the decomposed indirect effects.


  C  A  i j t   =  β 0  +  β 1  D T _  O  i j t   +  β 2  I _ B M  I  i j t   +  β 3  I _ B M  I  i j t   × D  T  i j t   + Φ  X  i j t   + Ψ  X  j t  ′  + μ  



(13)







Finally, we explore the moderating role of competitive imitation in shaping the relationship between DT and CA. As shown in the theoretical analysis in Section 3, competitive advantage is dynamic. The BMI may be subject to observation and imitation by rival enterprises, leading to new competitive equilibria. In this context, the relationship between competitive imitation and DT is not strictly causal but reflects complex interactions and strategic motivations. Since Hypothesis 3 focuses on how competitive imitation influences the effectiveness of DT in establishing CA, we construct a moderation model (Equation (13)) to empirically test this interaction effect.



Before conducting the empirical analysis, all continuous variables were standardized using Z-score standardization.





5. Empirical Results and Analysis


5.1. Benchmark Regression


Panel regression of Equation (11) was conducted using a sample of listed manufacturing companies to study the impact of DT on the CA of manufacturing enterprises. The results are shown in Table 6. Columns (1) to (4) of Table 6 display the random effects without control variables, the random effects with control variables, and the results with fixed effects. In all these results, the coefficient of DT is significantly positive, indicating that there is a positive correlation between DT and price markup. By applying DT to address information asymmetry, enterprises break the information silo effect, effectively reduce the circulation costs of information and products within departments, between departments, and between enterprises, and improve the management and production efficiency of manufacturing enterprises. This enables enterprises to better utilize economies of scale in output competition, facilitating the expansion of CA. H1 is thus confirmed.




5.2. The Endogenous Test


Some studies suggest that enterprises with competitive advantages may be more likely to implement DT (Rangaswamy et al., 2020). Considering the possible reverse causality between DT and competitive advantage, as well as potential omitted variable bias, we conduct an endogenous analysis using the Two-Stage Least Squares (2SLS) model and design two instrumental variables. The first one is the average DT investment of other enterprises in the same industry, as there is a network externality in technological diffusion within the industry. The DT of other enterprises in the same industry influences the DT decisions of the target enterprise through supply chains, competitive pressure, or knowledge spillovers (Y. Chen & Guo, 2024), while the characteristics of a single enterprise are unlikely to affect the DT level of the entire industry or region. The second instrumental variable is the internet infrastructure level of these locations, calculated using a weighted entropy method based on the number of internet users per 100 people, the proportion of workers in computer services and software, per capita telecom business volume, the number of mobile phone users per 100 people, and the annual Peking University Digital Financial Inclusion Index of the city. Since regional internet infrastructure is a necessary condition for enterprise DT, it directly impacts the cost and feasibility of adopting digital technologies, and the DT level is clearly the primary path through which regional digital infrastructure affects its development, thus meeting the relevance and exogeneity requirements.



Columns (1) and (2) of Table 7 show the results using the instrumental variables. It is found that, whether using the industry instrumental variable or the regional instrumental variable, the first-stage estimated coefficients of IV_I and IV_C are significantly positive, indicating a positive correlation between the DT levels of the same region or the same industry and the DT of the enterprise. The relevance between the instrumental variables and the explanatory variables is confirmed. In the second-stage results, the coefficients remain significant, and the Anderson LM statistic is significant at the 1% level. The Cragg–Donald Wald F-statistic is greater than 10, indicating the validity of the instrumental variables. After addressing the endogeneity issue, the conclusion that DT in manufacturing enterprises promotes the enhancement of their competitive ability remains valid.




5.3. The Mediation Effect of Business Model Innovation


We examine the chain mediation effect of TC and BMI in the relationship between DT and CA, based on the model specified in Equation (12). Specifically, we apply the Baron–Kenny approach to test the causal relationships among the four core variables in a stepwise manner. We then compute the corresponding Sobel statistics for each step. The results are presented in Table 8, columns (1) through (4). Based on the confirmed causal paths, we further construct a chain mediation effect model and estimate the path coefficients for TC and BMI, as reported in column (5) of Table 8.



The results in Result (1) of Table 8 show the mediation effect of BMI in the DT of enterprises. The coefficient  a  is significantly positive, indicating a positive correlation between DT and IBM. The coefficient  b  is positive, suggesting that BMI plays a positive role in the expansion of CA. In the independent variable model, the coefficient  c  is significantly positive and greater than   c ′   after including the mediator variable. The Sobel value is 0.023, indicating that BMI plays a positive mediating role in the process of CA expansion through enterprise DT.



In the results of Result (2), where TC is the mediator variable, the Sobel value is 0.135, indicating that DT reduces TC both internally and externally, thereby promoting the expansion of CA. The chain mediation effect tests the interaction between TC and business model paths, and the results show that the TC path coefficient and the interaction path coefficient are significantly positive, while the path coefficient for BMI and the direct effect are no longer significant. This suggests that BMI in manufacturing enterprises is primarily driven by the reduction in TC. There is a sequential relationship between the reduction in TC and BMI. The application of DT in the design, production, and sales processes of enterprises can optimize the organization of certain production factors, reduce internal and external TC, promote BMI, and improve management and production efficiency, thereby facilitating the expansion of CA and forming a chain mediation path between TC and business models.




5.4. The Moderation Effect of Competitive Imitation


To test the effect of competitor imitation behavior, a regression analysis of the Moderation Effect model in Equation (13) is conducted; the results are presented in Table 9. The estimated coefficient of the competitive imitation is significantly negative, indicating a negative correlation between the level of industry BMI and the competitiveness of enterprises within the industry. This suggests that due to the presence of competitive imitation, the outcomes of BMI may quickly spill over to other enterprises in the industry, eroding the competitive advantage that the enterprise has established. The interaction coefficient is significant and opposite to the coefficient of DT, indicating that competitive imitation plays a negative moderating role in the process of expanding CA through DT. This means that DT makes the new business model easier to recognize and imitate, weakening the market barriers formed by technology and information resources, intensifying the market competition faced by enterprises undergoing DT, and constraining the establishment of competitive advantages in the industry.




5.5. The Robustness Test


Rationale for FE Model Selection. We tested the validity of using an FE model in Equation (11); the results of the Hausman test are presented in Table 10. The Hausman_Chi in the results is 407.06, and the Hausman_P is below 1%, indicating that there are significant differences between the FE model and the RE model, with the FE model better capturing individual differences.



Collinearity and Autocorrelation Issues. The impact of DT on enterprise competitive advantage involves multiple pathways, and the establishment of competitive advantage is not solely reliant on the application of digital technologies, meaning that it is systematically influenced by multi-dimensional factors. To overcome potential issues such as heteroscedasticity and endogeneity, the benchmark model and path analysis included as many enterprise-level and city-level control variables as possible, and an FE model was constructed. However, the broad selection of control variables has, to some extent, increased the risk of multicollinearity in the regression model and does not directly reduce the possibility of residual autocorrelation. Therefore, the multicollinearity and autocorrelation issues in the regression model are tested. The Variance Inflation Factor (VIF) is used to check for multicollinearity, and the Wooldridge test is applied to analyze serial autocorrelation in the residuals. The results are shown in Table 10. It was found that in the results of Equation (11), the average VIF of the variables ranges from 1.5 to 2, with all variables, including control variables, having VIF values less than 5. Additionally, the p-value of the Wooldridge test is greater than 10%, indicating that there are no issues of multicollinearity or autocorrelation in the regression model.



Core Variable Representation Issues. Considering that the benchmark regression uses the original value of intangible assets containing digital technology as the DT indicator, the approach overcomes potential biases inherent in word frequency statistical methods and asset ratio methods. However, it may reduce the credibility of the results in traditional samples. Using the price markup to calculate enterprise competitive advantage, we avoid the issue of missing data for non-listed companies and difficulties in estimating marginal costs in methods such as the industry concentration approach and the Lerner index. However, it may weaken the direct representation of competitive advantage. Therefore, the explanatory variables are replaced by the proportion of intangible assets associated with digital technology in the enterprise, the frequency of digital technology-related keywords in the annual report1, and the explained variable is replaced by the market share calculated from the main business income and from the total assets at the end of the year. The robustness of the benchmark regression model is tested. The results are shown in Table 11. Columns (1) and (2) present the robustness results when replacing the DT indicator, and Columns (3) and (4) present the results when using the new indicators to measure enterprise competitive advantage. The positive correlation between DT and enterprise competitive advantage remains valid through the robustness test of replacing the core variables.



Extreme Value Issues. The median regression and truncated regression methods are used for testing. Although the data have been standardized, a small number of extremely large or small values exist in the sample, which means that regression models based on mean regression may be affected by extreme values, leading to bias in the results. Therefore, median regression and a method of removing the extreme values of the CA indicator at the 1% threshold are used for robustness testing. The results are shown in Columns (5) and (6) of Table 11. The conclusions of the benchmark regression remain robust after removing the influence of extreme values in the objective data.





6. Discussion


6.1. Key Findings


This study constructed a theoretical model and three econometric models to analyze the role of BMI in the DT process of manufacturing enterprises from both a theoretical framework and an empirical evidence perspective. (a) We explored the theoretical mechanisms based on the inferences from the MSES model. The model illustrates the mechanism through which DT in manufacturing enterprises reduces transaction costs, facilitates BMI, and ultimately enhances CA. (b) We constructed an FE model and applied econometric methods to study the impact of DT on the competitiveness of manufacturing enterprises. The findings indicate that the DT significantly increases the markup of enterprises. (c) We used a chain mediation effect model to test the role of BMI in this process. The results show a sequential relationship between the reduction in transaction costs and the emergence of BMI. (d) We considered the spillover of BMI between enterprises (Park & Yi, 2024). The findings show that the rapid spillover of BMI across enterprises may constrain the enhancement of competitive advantage.



The study focused on the role of BMI in the DT process of manufacturing enterprises. We found that BMI is a crucial mediating factor in how DT enhances CA. DT improves transaction efficiency and reduces TC. The reduction in TC leads to improvements or restructuring of value creation methods, achieving BMI. The BMI, in turn, enhances market competitiveness, promoting the CA of the enterprises. This viewpoint can be corroborated by recent studies (X. Sun et al., 2024; Mikalef & Pateli, 2017), which affirm the significant role of BMI in the development of enterprises in the digital age.



The study further suggests that competitive imitation by other enterprises of BMI may limit the expansion of the enterprise. This conclusion implies that, although enterprises can maintain the exclusivity of DT results in the short term, the improvements in production organization and supply chain optimization brought about by BMI will be observed and imitated (Climent et al., 2024). This imitation behavior can weaken entry barriers for external enterprises and intensify cross-industry competition (Li et al., 2024), negatively impacting the effectiveness of enterprise DT. However, when viewed from an industry-wide perspective, this finding also implies that BMI can serve as a conduit for knowledge spillovers, ultimately contributing to the collective advancement of the industry (Posen et al., 2023). As such, our study offers a novel perspective on business model innovation in the digital era and provides policy insights for governments and industry regulators seeking to promote innovation diffusion and sustainable industrial transformation.



In terms of overall effects, despite the various challenges faced by the DT of manufacturing enterprises (Chavez et al., 2023) digital technologies continue to play an important role in the pursuit of competitive advantage (Johns, 2022). This finding aligns with existing research (Omidvar et al., 2025), which has affirmed the role of digital technologies in the growth and development of manufacturing enterprises. However, this does not imply that the observed pattern will remain unchanged. It is important to note that DT in most manufacturing enterprises remains at a relatively early stage (Zhao & Li, 2024). At this stage, the spillover effects of digital achievements such as BMI across industries are not yet prominent. As DT progresses, two issues may become increasingly salient: whether enterprises can sustain a high return on digital investment, and whether enhanced information flow will intensify the negative impacts of competitive imitation. Both issues may shape the direction and evolution of future research.




6.2. Theoretical Implications


The study has certain theoretical significance. First, it supplements and refines a possible theoretical framework for analyzing the growth of manufacturing economies or enterprises in the digital age. Most existing studies remain at the level of literature reviews, case summaries, or empirical descriptions (Hanelt et al., 2021). By contrast, this study develops a formal mathematical model. Existing research has proposed many insights and views on the pathways through which DT affects enterprises, such as production efficiency, management efficiency, and innovation performance (Peng & Tao, 2022; Omidvar et al., 2025). However, we argue that these pathways have complex interdependencies. Including all such factors in a theoretical model may result in logical inconsistencies. Therefore, the model focuses only on the ability of DT to eliminate information asymmetry. This modeling strategy reduces the impact of excessive assumptions on theoretical inference.



Second, the study explores the mathematical and econometric aspects of BMI in manufacturing enterprises. Many studies affirm the positive role of DT in updating the value creation methods of enterprises (X. Sun et al., 2024). However, the relationship between BMI and CA remains unclear; thus, we addressed whether the BMI brought by DT improves enterprise performance. The results confirm the mediating role of BMI between DT and CA. We conclude that digital technologies enhance CA by lowering transaction costs and promoting BMI. This viewpoint enriches theoretical perspectives on the growth and development of manufacturing enterprises in the context of the digital economy.



The study also offers a new understanding of the role of BMI in the digital economy era. Existing research has pointed out that DT in enterprises brings risks associated with privacy issues (Björkdahl, 2020; Buer et al., 2021). These risks may enhance the competitive capabilities of potential competitors. Based on these points, the study further focuses on the demonstration effect of BMI (Climent et al., 2024). We find that BMI is more easily observed and imitated compared with other changes. This means the BMI can become a window for knowledge spillovers in manufacturing. Although imitation of BMI may impose some constraints on the development of the first innovating enterprises, this phenomenon could drive the overall transformation and vitality enhancement of the industry.




6.3. Practical Implications


The study reveals the distinctive features of DT in the manufacturing sector. The BMI provides an entry point for competitors to observe and imitate successful practices (Posen et al., 2023). This imitation may accelerate knowledge spillovers across the industry and intensify market competition; in other words, competitive imitation constrains the sustained expansion of CA for any single firm. Therefore, to foster the development of manufacturing, governments should not only support firm-level digital investment but also recognize the strategic role of BMI in promoting sector-wide progress.



In terms of enterprises, more effort should be made to direct DT outcomes toward production and operational scenarios. Our findings indicate that manufacturing enterprises expand CA by reducing transaction costs through DT and implementing BMI. Thus, breakthroughs in production and operational scenarios should be prioritized to form new growth momentum. Policies such as subsidies for digital equipment can accelerate the digital upgrade of production assets. Additionally, governments may support short-term financing and leasing solutions to promote lightweight industrial platform software among manufacturing enterprises, thereby lowering the cost of experimentation and transition.



In terms of market governance, special attention should be paid to facilitating entry and exit mechanisms in the manufacturing sector. The imitation of BMI by competitors can stimulate market vitality. A key condition for this process is the existence of smooth entry and exit mechanisms (Yang & Deng, 2024). Governments should thus focus on removing outdated barriers to market access and withdrawal in the manufacturing sector. This includes establishing clear and fair access rules as well as streamlining approval processes. At the same time, a flexible exit mechanism should be established to prevent non-competitive enterprises from inefficiently occupying production resources.





7. Conclusions, Contributions, and Future Research


This study investigates the role of BMI in the digital era by integrating theoretical modeling and empirical analysis. A theoretical framework linking DT to CA is developed based on an MSES model. Using fixed-effects, mediation-effects, and moderation-effects models, we confirm the existence of a transmission mechanism whereby DT reduces TC, thereby enabling BMI. This mechanism mediates the establishment of CA from DT. In addition, we find that competitive imitation by peer enterprises can weaken the CA achieved through DT.



The study makes three main contributions. First, it enriches the theoretical understanding of the economic benefits of DT for manufacturing enterprises by incorporating digital technologies into the MSES model. This provides a theoretical foundation for explaining how DT fosters BMI and enhances CA. Second, it clarifies the relationship between business model innovation and competitive advantage. BMI in manufacturing enterprises is identified and quantified by analyzing changes across production, transaction, and pricing functions, and its mediating role between DT and CA is empirically tested. Third, we propose a new perspective on BMI in the digital age by incorporating the observation and imitation behavior of competitors. This imitation helps explain the failure of DT in certain manufacturing contexts and suggests that BMI may serve as a channel for knowledge spillover. This perspective offers a novel lens for understanding the broader implications of BMI.



However, the study has some limitations, providing areas for future research. First, the study focuses on listed companies. However, under the strict Initial Public Offering (IPO) policies in China, listed companies are more likely to reflect oligopolistic monopolies within their respective sub-sectors. There remains untapped potential in the vast number of small enterprises (M. Chen et al., 2024). Future researchers could consider conducting field studies targeting small enterprises. Second, the construction of the BMI indicator primarily relies on the use of proxy variables. Because of limitations in data disclosure by listed companies, we have to determine the degree of BMI from the operational outcomes results. Future studies may improve upon this by using more detailed firm-level data. Additionally, future research could benefit from the perspective of Life Cycle Theory. As DT progresses, the returns on digital investment may exhibit diminishing marginal productivity or other nonlinear effects.
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Note


	
1

	

Referring to the method of F. Wu et al. (2021), we use the proportion of digital technology-related nouns in the annual report to the total nouns as an indicator, then apply Min–Max Normalization to the variable.
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Figure 1. Logic of digitalization and business model innovation in manufacturing enterprises in the literature. 
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Figure 2. The research model. 
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Figure 3. Example of business model innovation variable calculation. 
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Table 1. Multi-structural economy model solution results.






Table 1. Multi-structural economy model solution results.





	
Business Model

	
Production and Transaction

	
Optimal Response

	
Condition of Equal Utility

	
Transaction Efficiency






	
    M 1    

	
    M  i j   =      1   0   0     1   0   0     0   0   0        

	
      L x  =   1 2   ,  L y  =   1 2       x =      1 2     a  , y =      1 2     a      

	
-

	
    r ∗  ∈   0 ,   4      2 I     2 a          




	
    M 2    

	
    M  i j   =      1   1   0     0   0   1     1   0   0        

	
      L x  = I ,  L D  = 1 − I     x =        e  ln I    2     a  ,  x s  =  I a  −        e  ln I    2     a       y d  =     p x     p y            e  ln I    2     a  , D =    1 − I   b      r =   ( 1 − I )   λ b       

	
    p x  =  p y    

	
    r ∗  ∈     4      2 I     2 a      , T     




	
    M  i j   =      0   0   1     1   1   0     1   0   0        

	
      L y  = I ,  L D  = 1 − I     y =        e  ln I    2     a  ,  y s  =  I a  −        e  ln I    2     a       x d  =     p y     p x            e  ln I    2     a  , D =    1 − I   b      r =   ( 1 − I )   λ b       




	
    M 3    

	
    M  i j   =      1   1   0     0   0   1     0   0   1        

	
      L x  = 1     x =   1 2   -     p D    4  p x     ,  x s  =   1 2   +     p D    4  p x          y d  =    2  p x  −  p D    4  p y     ,  D d  =   1 2       r =  (   1 2     ) λ      

	
      p D  =     p x     1 2  +      1 2     λ          p D  =     p y     1 2  +      1 2     λ         

	
    r ∗  ∈   T , 1     




	
    M  i j   =      0   0   1     1   1   0     0   0   1        

	
      L y  = 1     y =   1 2   -     p D    4  p y     ,  y s  =   1 2   +     p D    4  p y          x d  =    2  p y  −  p D    4  p x     ,  D d  =   1 2       r =  (   1 2     ) λ      




	
    M  i j   =      0   0   1     0   0   1     1   1   0        

	
      L D  = 1     D =   1 2   ,  D s  =   1 2        x d  =     p D    2  p x     ,  y d  =     p D    2  p y         r =  (   1 2     ) λ      








Notes:   I =    2 a   λ b + 2 a     ,   T = min    2  − a   +  2  1 − 0.5 λ − a   ,     I a   2     ( 1 − I )   0.5 λ b   ( 1 +  2  1 − 0.5 λ   )    . The production–transaction status is expressed mathematically by    M  i j     in Equation (4), representing whether the economic agent produces and transacts in products X, Y, and digital services.













 





Table 2. Equilibrium supply solution for two enterprises under price competition.
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En. 2




	
En. 1

	
Business Model

	
    M 1    

	
    M 2    

	
    M 3    




	
    M 1    

	
     0 , 0     

	
     0 ,    A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a          

	
     0 ,    A − 1   2 B        




	
    M 2    

	
        A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a      , 0     

	
      x 1  ,  x 2      

	
     0 ,    A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a          




	
    M 3    

	
        A − 1   2 B    , 0     

	
        A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a      , 0     

	
      x 1 ′  ,  x 2 ′      








Notes: When both enterprises are at the same business model stage,    x 1  +  x 2  =   A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     / B   ( λ b + 2 a )   1 − a    ,    x 1 ′  +  x 2 ′  =   A − 1   / B  . The table reports equilibrium outputs      X 1  ,  X 2      under a duopolistic competition setting, where    X 1    denotes the equilibrium output of Enterprise 1 and    X 2    that of Enterprise 2.













 





Table 3. Equilibrium supply solution for two enterprises under market share competition.
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En. 2




	
En. 1

	
Business Model

	
    M 2    

	
    M 3    




	
    M 2    

	
        A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a      ,    A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a          

	
        ( A + 1 )   ( λ b + 2 a )   1 − a   − 2     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a      ,    ( A − 2 )   ( λ b + 2 a )   1 − a   +     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a          




	
    M 3    

	
        ( A − 2 )   ( λ b + 2 a )   1 − a   +     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a      ,    ( A + 1 )   ( λ b + 2 a )   1 − a   − 2     2 a     1 − a     3 B   ( λ b + 2 a )   1 − a          

	
        A − 1   3 B    ,    A − 1   3 B        








Notes: The table reports equilibrium outputs      X 1  ,  X 2      under a duopolistic competition setting, where    X 1    denotes the equilibrium output of Enterprise 1 and    X 2    that of Enterprise 2.













 





Table 4. Equilibrium supply solution for two enterprises under competitive imitation.
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En. 2




	
En. 1

	
Business Model

	
    M 2    

	
    M 3    




	
    M 2    

	
        A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     4 B   ( λ b + 2 a )   1 − a      ,    A   ( λ b + 2 a )   1 − a   −     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a          

	
        ( A + 2 )   ( λ b + 2 a )   1 − a   − 3     2 a     1 − a     4 B   ( λ b + 2 a )   1 − a      ,    ( A − 2 )   ( λ b + 2 a )   1 − a   +     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a          




	
    M 3    

	
        ( A − 3 )   ( λ b + 2 a )   1 − a   + 2     2 a     1 − a     4 B   ( λ b + 2 a )   1 − a      ,    ( A + 1 )   ( λ b + 2 a )   1 − a   − 2     2 a     1 − a     2 B   ( λ b + 2 a )   1 − a          

	
        A − 1   4 B    ,    A − 1   2 B        








Notes: The table reports equilibrium outputs      X 1  ,  X 2      under a duopolistic competition setting, where    X 1    denotes the equilibrium output of Enterprise 1 and    X 2    that of Enterprise 2.













 





Table 5. Definitions and explanations of core variables.






Table 5. Definitions and explanations of core variables.





	
Item

	
Variable Definitions






	
Dependent Variable




	
Competitive Advantage

(CA)

	
The CA of enterprises in sub-sectors is calculated using the price markup, which is represented as the ratio of variable cost elasticity to the share of variable input.




	
Independent Variable




	
Digital Transformation

(DT)

	
The actual investment made by enterprises in digital transformation is represented by the number of intangible assets that include DT.




	
Mediation and Moderation Variables




	
Transaction Costs

(TCs)

	
The efforts made by enterprises to ensure smooth production and operation processes, both internally and externally, are represented by the sum of operating expenses and administrative expenses of listed companies.




	
Business Model Innovation

(BMI)

	
Changes in business models of enterprises are represented by a six-dimensional vector of revenue models, value propositions, and cost structures, with the cosine distance to the corresponding sub-sector.




	
Competitive Imitation

(I_BMI)

	
The recognition and imitation of BMI by competing enterprises in relation to digital transformation are represented by the average of BMI in the sub-sector.




	
Control Variables




	
Control Variables_enterprise

	
Nature of Equity

Concentration of Power

Firm Size

Labor Cost

Capital Cost

Total Asset Growth Rate

Years in Business Since Founding




	
Control Variables_city

	
GDP

Population at Year-End

Administrative Level

Market Segmentation Index

Foreign Investment Amount











 





Table 6. Benchmark regression results.
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(1)

	
(2)

	
(3)

	
(4)




	

	
    C A    

	
    C A    

	
    C A    

	
    C A    






	
   D T   

	
1.128 *

	
2.238 ***

	
1.335 *

	
2.124 ***




	
(0.613)

	
(0.705)

	
(0.701)

	
(0.707)




	
   C o n t r o l s   

	
NO

	
YES

	
NO

	
YES




	
    μ i  _ F E   

	
NO

	
NO

	
YES

	
YES




	
    δ t  _ F E   

	
NO

	
NO

	
YES

	
YES




	
   C o n s t a n t   

	
2.149 ***

	
2.432 ***

	
1.570 ***

	
4.523 ***




	
(0.083)

	
(0.614)

	
(0.324)

	
(1.422)




	
  N  

	
29,131

	
29,131

	
29,131

	
29,131




	
    R  a d j  2    

	
0.226

	
0.281

	
0.218

	
0.294








Notes: * and *** indicate significance at 10% and 1% levels, respectively. The numbers in parentheses are standard errors.













 





Table 7. Instrumental variable regression results.






Table 7. Instrumental variable regression results.





	

	
(1)

	
(2)




	

	
    F i r s t _ S t a g e    

	
    F i r s t _ S t a g e    

	
    F i r s t _ S t a g e    

	
    F i r s t _ S t a g e    




	

	
   D T   

	
   C A   

	
   D T   

	
   C A   






	
   I V _ I   

	
0.121 ***

	

	

	




	
(0.007)

	

	

	




	
   I V _ C   

	

	

	
0.002 ***

	




	

	

	
(0.001)

	




	
     D T  ^    

	

	
16.387 ***

	

	
0.491 **




	

	
(6.348)

	

	
(0.247)




	
   C o n t r o l s   

	
YES

	
YES

	
YES

	
YES




	
    μ i  _ F E   

	
YES

	
YES

	
YES

	
YES




	
    δ t  _ F E   

	
YES

	
YES

	
YES

	
YES




	
   C o n s t a n t   

	
0.024 ***

	
1.8883 ***

	
0.008 ***

	
2.068 ***




	
(0.002)

	
(8.22)

	
(0.002)

	
(0.384)




	
  N  

	
29,131

	
29,131

	
29,131

	
29,131




	
    R  a d j  2    

	
0.271

	
0.368

	
0.185

	
0.264




	
   A n d e r s o n L M   

	
268.270 ***

	
11.850 ***




	
   C r a g g − D o n a l d   W a l d   F   

	
270.630

	
18.530








Notes: ** and *** indicate significance at 5% and 1% levels, respectively. The numbers in parentheses are standard errors.













 





Table 8. Mediation effect test results.






Table 8. Mediation effect test results.





	

	
c

	
c′

	
a

	
b

	
Sobel






	
Result (1): Mediation Variable   B M I  




	
   Y :   C A   

	
2.341 ***

	
2.318 ***

	
0.485 ***

	
0.047 *

	
0.023 *




	
   X :   D T   

	
(0.391)

	
(0.391)

	
(0.089)

	
(0.029)

	
(0.013)




	
Result (2): Mediation Variable   T C  




	
   Y :   C A   

	
2.341 ***

	
2.206 ***

	
−0.029 ***

	
−4.655 ***

	
0.135 ***




	
   X :   D T   

	
(0.391)

	
(0.389)

	
(0.007)

	
(0.380)

	
(0.033)




	
Result (3): Mediation Variable   T C  




	
   Y :   B M I   

	
0.295 ***

	
0.286 ***

	
−0.028 ***

	
−0.304 ***

	
0.008 **




	
   X :   D T   

	
(0.094)

	
(0.094)

	
(0.007)

	
(0.094)

	
(0.003)




	
Result (4): Mediation Variable   B M I  




	
   Y :   C A   

	
−5.048 ***

	
−5.031 ***

	
−0.312 ***

	
0.053 *

	
−0.016 *




	
   X :   T C   

	
(0.391)

	
(0.391)

	
(0.094)

	
(0.027)

	
(0.010)




	
Result (5): Chain Mediation Effect




	
   r ( D i r e c t )   

	
   r ( T C )   

	
   r ( B M I )   

	
   r ( T C × B M I )   

	
   r ( T o t a l )   




	
1.395

	
0.176 **

	
0.057

	
0.364 **

	
1.792 **




	
(0.916)

	
(0.090)

	
(0.038)

	
(0.148)

	
(0.895)








Notes: *, ** and *** indicate significance at 10%, 5% and 1% levels, respectively. The numbers in parentheses are standard errors.













 





Table 9. Moderation effect test results.






Table 9. Moderation effect test results.





	

	
(1)

	
(2)

	
(3)




	

	
    C A    

	
    C A    

	
    C A    






	
   D T   

	
2.124 ***

	
2.165 ***

	
2.156 ***




	
(0.707)

	
(0.707)

	
(0.707)




	
   I _ B M I   

	

	
−0.349 **

	
−0.320 **




	

	
(0.145)

	
(0.154)




	
   I _ B M I × D T   

	

	

	
−5.652 **




	

	

	
(2.839)




	
   C o n t r o l s   

	
YES

	
YES

	
YES




	
    μ i  _ F E   

	
YES

	
YES

	
YES




	
    δ t  _ F E   

	
YES

	
YES

	
YES




	
   C o n s t a n t   

	
4.523 ***

	
−4.726 ***

	
−4.727 ***




	
(1.422)

	
(1.424)

	
(1.424)




	
  N  

	
29,131

	
29,131

	
29,131




	
    R  a d j  2    

	
0.294

	
0.283

	
0.223








Notes: **, and *** indicate significance at 5% and 1% levels, respectively. The numbers in parentheses are standard errors.













 





Table 10. Robustness test results of the regression model.






Table 10. Robustness test results of the regression model.





	Equation
	N
	Parms
	Hausman_Chi
	VIF_mean
	VIF_max
	Wooldridge_F
	Wooldridge_P





	Equation (11)
	29,131
	14
	407.06 ***
	1.68
	4.46
	0.621
	0.531







Notes: *** indicate significance at 1% level.













 





Table 11. Robustness test of replaced core variables and the regression model.






Table 11. Robustness test of replaced core variables and the regression model.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	

	
    C A    

	
    C A    

	
    H H I _ r    

	
    H H I _ a    

	
    C A    

	
    C A    






	
   D T   

	

	

	
0.021 **

	
0.022 **

	
0.390 ***

	
0.237 ***




	

	

	
(0.011)

	
(0.009)

	
(0.066)

	
(0.026)




	
   D T _ p   

	
163.479 ***

	

	

	

	

	




	
(54.429)

	

	

	

	

	




	
   D T _ w   

	

	
1.024 ***

	

	

	

	




	

	
(0.345)

	

	

	

	




	
   C o n t r o l s   

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
    μ i  _ F E   

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
    δ t  _ F E   

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
   C o n s t a n t   

	
4.666 ***

	
5.467 ***

	
0.187 ***

	
0.178 ***

	
1.170 ***

	
2.549 ***




	
(1.422)

	
(1.449)

	
(0.022)

	
(0.019)

	
(0.024)

	
(0.209)




	
  N  

	
29,131

	
29,131

	
29,131

	
29,131

	
29,131

	
28,975




	
    R  a d j  2    

	
0.276

	
0.314

	
0.213

	
0.258

	
0.174

	
0.250








Notes: ** and *** indicate significance at 5% and 1% levels, respectively. The numbers in parentheses are standard errors.
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