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Abstract   

  

We investigate how the firm’s board structure (i.e. CEO duality or independence) and its asset 

scale at the micro level, the industry’s technological intensity at the meso level, and the 

government's initiatives at the macro level influence firms’ digital innovation performance in the 

innovation ecosystem of the Chinese manufacturing industry. Drawing on a longitudinal study of 

1,098 firms sourced from the CSMAR database, we utilise a co-evolutionary multi-level model 

for the exploration. Our findings reveal that firms led by independent board members with 

largescale assets and that have received government subsidies are more likely to achieve superior 

digital innovation performance. Furthermore, the impact of micro-level factors varies with 

technological intensity, with medium and high-tech firms showing more significant innovation 

performance improvements. We suggest that firms maintain a board composition with a balanced 

mix of independents with objective oversight and non-independents with strategic influence and 

allocate their resources to capitalise on emerging technological trends to perform better in 

innovation ecosystems. Firms should not solely depend on government support but align their 

resource basis and governance structures to leverage technology and incentives effectively. 

Policymakers should craft targeted initiatives depending on the innovation ecosystems’ 

technological intensity and the firms' resource endowments.   

  

Index – Terms: Innovation ecosystems, multi-level analysis, CEO duality, government support, 

technological intensity, digital innovation performance, manufacturing industry, China.  

  

Managerial Relevance Statement  

  

We find that firms led by independent boards outperform those under CEO duality in high-tech 

innovation ecosystems. Thus, objectivity and technical oversight outweigh hierarchical 

command. For engineering managers, this implies that board restructuring to incorporate 

independent, digitally fluent directors can accelerate innovation performance. Technological 

intensity acts as a catalytic moderator in high-tech subsectors to enhance innovation. Therefore, 

engineering managers should adopt agile resource orchestration and iterative capability 

development, while in medium- or low-tech firms, gradual digital maturation and absorptive 

capacity building are essential. The insights offer a foundation for formulating decision-support 

tools that integrate board composition analytics, sectoral tech-readiness indexes, and government 

incentive mapping. Engineering managers and policy architects can thus co-develop 

feedbackrich innovation governance infrastructures that continuously realign firm-level resource 

configurations with the evolving dynamics of national innovation ecosystems.  

  



  

 I.  INTRODUCTION  

Innovations are not isolated novelties; they emerge from various actors’ interactive and 

collective efforts within a broader ecosystem [1], [2]. A firm’s sole practices can only partially 

influence its innovation performance since it relies on the other elements and dynamics of the 

broader external network [3], [4]. The innovation ecosystem highlights the complementary roles 

occupied by different actors for achieving superior performance [5]. Research has traditionally 

resorted to impersonal analyses of social, structural, political, economic, and historical factors, 

neglecting the importance of firms and individuals or focusing on individuals and firms, 

overlooking the effects of environmental or contextual factors on the performance of innovation 

ecosystem [6], [7]. This concentration was partially a necessity that emerged from the limited 

availability of specific micro-level firm or meso-level data that can be used for innovation 

ecosystem studies. Previous studies [8], [9] have often relied on case studies and other qualitative 

methods or quantitative studies using macro-level data to assess performance in the innovation 

ecosystems. Some studies [10], [11] have used big data analytics, which provided researchers 

with immense data revealing macro trends and searches about innovation in ecosystems. All 

these studies offered invaluable insights into the innovation research stream. Despite the 

scholarly efforts to scrutinise innovation systems and policies, research exploring the interactive 

effects of actors at different levels of the ecosystems, particularly at the meso-level, on 

innovation success is limited [12], [13]. Understanding the impact of dynamic multi-level factors 

is crucial because their interactions and interdependencies can vary and make the boundaries of 

innovation ecosystems fluid over time [14], [15].   

We draw on a co-evolutionary multi-level perspective [16], [17] and fill this gap by 

investigating the interactive effects of the macro-level factors, i.e. government subsidies and the 

meso-level factor, i.e. technological intensity, concurrently with micro-level factors, i.e., the 

firm’s board structure and asset scale in the innovation ecosystem of the Chinese manufacturing 

industry. In management literature, evolution is closely associated with innovation and change 

[18]. We suggest that our multi-level factors are not static; they evolve together within the 

innovation ecosystem dynamically and influence each other’s development and, ultimately, 

innovation performance. This co-evolution is marked by their complementary nature, wherein 

changes or advancements in a factor impact and trigger adaptations in others, resulting in 

improved innovation performance. For example, increasing technological intensity at the 

mesolevel may prompt firms to adjust their board structures and resource allocation at the micro-

level, while government subsidies at the macro level support firms to invest in technological 

innovations. Each factor at a different contextual level responds to the environment created by 

the others and promotes an ongoing cycle of digital innovations.   

We thus describe our broad innovation ecosystem as a dynamic multi-layered network of 

dependent and interdependent elements, i.e., firms, suppliers, customers, incubators, technology 

developers, start-ups, finance institutions, investors and government that interact with each other 

and/or integrate specialised but complementary assets and skills to deliver unique and creative 

outputs [19], [5]. In line with this, we identify our ecosystems’ value proposition as enabling firms 

to achieve digital innovation performance that ultimately determines the overall success within the 

innovation ecosystem in which they operate. Our study focuses on listed firms that are primarily 

large-sized manufacturing companies. While we cannot repudiate the importance of micro firms 



and start-ups' innovation performance, the substantial contribution of large firms’ performance to 

the innovation ecosystem of the Chinese manufacturing industry, along with data availability, led 

us to select listed firms for our sample. This approach directs us to investigate listed firms’ 

interactions with the most relevant and critical innovation ecosystem actors and exclude less 

central participants such as incubators and venture capitalists. Therefore, in addition to firms’ 

strategic behaviours, which we examine through their board structures and resource bases, our 

study examines key structural factors that act as game changers across all industries, such as 

government support and technological intensity. We consider Adner's [19] ecosystemsas-structure 

approach, which encompasses a heterogeneous set of actors that are firms, technology level and 

government in our study that contribute directly or indirectly to innovation and value-creation 

processes involving the innovation ecosystem.  

Our paper contributes to the literature in four ways. First, we examine the individual, 

interactive, and comparative effects of critical factors at different layers of the innovation 

ecosystem and present a holistic picture to better understand the improvement of digital 

innovations driven by the multi-level factor co-evolution that appears to be inconclusive in the 

literature [20], [21]. The results can help managers and policymakers alter their innovation 

ecosystem strategies uniquely and meaningfully and make informed decisions over time. Second, 

the paper empirically shows the driving role of technology in digital innovations. It explores how 

digital innovation performance varies with the meso-level technological intensity within the 

ecosystem. The meso-level is positioned somehow between the micro and macro layers but has 

been largely overlooked as a significant dimension in organisational studies [13], [22]. However, 

digital innovation performance is contingent upon meso-level factors such as the technological 

diffusion level and requirements of the innovation ecosystem [23], [24]. Thus, our findings can 

offer evidence regarding the role of technological intensity in achieving the ecosystem’s fullest 

digital innovation potential for Chinese manufacturing firms.  

Third, we create a unique dataset based on a multi-faceted performance indicator comprising 

firms’ propensity for digital transformation and innovation output. Digital transformation 

significantly contributes to firms aligning with technological advancements in the ecosystem and 

boosting their digital innovation performance [25], [26]. It involves infusing digital technology 

into all business functions and fundamentally changes how businesses innovate and deliver 

customer value [27], [28]. Furthermore, the propensity for digital transformation can strongly 

indicate potential digital innovation performance over time, consistent with the study’s adopted 

co-evolutionary model. Employing propensity-based scales in addition to the objective measures 

may reduce the findings’ dependency on a single point in time [29]. Therefore, we choose firms’ 

digital transformation propensity along with innovation output as proxies of their digital 

innovation performance. Our approach provides a more nuanced measurement of firms’ 

innovation performance outcomes compared to studies that rely on a single performance 

criterion.   

Finally, we provide empirical evidence on digital performance in the innovation ecosystem 

within an emerging economy, which has yet to be sufficiently covered in the literature. Emerging 

economies have become crucial contributors to the global economy and popular innovation hubs 

[30]. The 2020 China Enterprise Digital Transformation Index Research report indicated that 

only 11% of firms' digital investments result in excellent innovation and business performance. 

Only 22% of firms effectively adjust and optimise production using real-time data [31]. China 

released a national strategic plan, "2035 Vision Outline", aiming to enhance the proportion of 



innovations in the manufacturing industry as an essential task of China's economic development 

[32]. In line with this vision, Chinese manufacturing firms and the government have invested 

considerably in digitalisation and technology transfer [33], making China an ideal context for this 

study. Therefore, the implications might help decision-makers in other emerging economies that 

share similarities with China.   

  

 II.  LITERATURE REVIEW  

  

A. Conceptual Framework: Co-evolutionary Multi-Level Model   

  

In dynamic business landscapes, actors' roles and effects can shift, making their positions 

within or outside their ecosystem uncertain. These shifts in roles reflect the interdependencies 

among the actors. Similar co-evolution can render the interactions and interdependencies among 

actors the most critical determinants of success within the innovation ecosystem [34]. Thus, we 

must understand the co-evolutionary dynamics of the key actors within the Chinese 

manufacturing innovation ecosystem to identify new strategies and design new systemic policies 

for nurturing digital innovations. The Chinese government, as a macro-level actor, plays a pivotal 

role in developing the innovation ecosystem of its manufacturing industry through policies 

emphasising industrial upgrading (shifting the industry from a low-cost, labour-intensive to an 

advanced innovation-driven, high-tech digital structure), digital transformation, and the 

integration of artificial intelligence (AI) and robotics. Our research focuses exclusively on 

innovation-specific government support, such as patent and talent training subsidies, i.e., Yantai 

City patent subsidy funds, and research grants like the 131 Talent Subsidy from the Hangzhou  

Shangcheng District Finance Bureau and the Technology Innovation Park grants from the Bao'an 

District Finance Bureau in Shenzhen. This differs from previous studies that include broader 

variables such as GDP growth, per capita income, and general incentives for specific industries 

and allows our research to more directly measure the government's impact on innovation 

ecosystems. Consequently, government influence within an innovation ecosystem is crucial and 

cannot be overlooked.  

The primary focus of China's innovation ecosystems is technology, as evidenced by China's 

leading position in global spending and investment in inward technology transfer. This emphasis 

is further reinforced by the Chinese government's policy initiatives and strategic vision. As a 

meso-level factor, technological intensity drives innovation, fosters collaboration, and enhances 

competitiveness while shaping policy and investment in the manufacturing industry. Given its 

critical role in shaping the innovation landscape, technological intensity is essential for inclusion 

in our analysis. Finally, firms like original equipment manufacturers (OEMs), chemical and 

material producers and equipment and machinery manufacturers are at the core of Chinese 

manufacturing and lead innovation processes to improve production efficiency, product quality, 

and technological integration. Thus, they evolve from traditional manufacturers to digital 

innovators, implementing advanced manufacturing solutions like AI-driven production lines. As 

key players in the innovation ecosystem of Chinese manufacturing, their firm-level strategies for 

enhancing their innovation capacity are crucial. However, due to its dynamic and evolutionary 

nature, navigating the innovation ecosystem of the Chinese manufacturing industry presents 

several challenges. These challenges include understanding the differences in industrial contexts, 



making prudent strategic decisions about investments to address the innovation ecosystems’ 

resource requirements and with whom to collaborate or compete, aligning internal innovation 

activities with technological advancements, and enhancing the firm’s role within the ecosystem 

[14], [35].   

For example, government regulations and policies evolve in response to technological 

advancements within the innovation ecosystem. The government, initially a financial supporter 

of the ecosystem, may shift toward enforcing stricter environmental standards or promoting 

green technologies, pushing the firms to respond quickly and reallocate their resources toward 

more innovative, sustainable practices. These heavy resource allocations make technological 

intensity, initially driven by government investment, a self-reinforcing force that shapes both 

firm strategies and government policies. As the ecosystem matures, the government becomes a 

facilitator and regulator. This dynamic creates a feedback loop where technological 

advancements shape both firm strategies and government policies. Firms evolve from adopters of 

government-supported technologies to drivers of innovation whose actions set new benchmarks 

for policy and industry practices. Therefore, the co-evolution of the government, technological 

intensity, and firms within the innovation ecosystem of Chinese manufacturing follows dynamic 

and interconnected processes where each actor adapts and evolves, thus creating a continuous 

cycle of digital innovations.   

Since ecosystems are influenced by systemic evolutions [36], we grounded our study in a 

coevolutionary multi-level model [37], [38] to investigate how digital innovations result and 

evolve from the interactions between the actors in three pillars: government initiatives (macro), 

technological diffusion and practices, namely technological intensity (meso), and firm behaviour 

(micro), namely, firm governance and resource base, within the innovation ecosystem of the 

Chinese manufacturing industry. In our study, co-evolutionary multi-level refers to multi-layered 

gradual change mechanisms, i.e., firm behaviour, technology level and government actions [36]. 

We aim to offer adaptive (evolutionary) policies for innovation ecosystems, considering the 

dynamics of this variation. Specifically, we suggest that a firm’s board structure strongly 

influences the reconfiguration of its resource base, which is connected to the ecosystem’s 

technological requirements, resulting in superior innovation performance. The firm’s strategic 

vision and objectives direct its investment choices, resource deployment, and skill enhancement, 

which in turn influence its technology development and utilisation efforts [39]. These efforts 

contribute to the overall level of technological intensity in the ecosystem. Simultaneously, the 

prevailing standards and requirements of technological intensity in the ecosystem can compel the 

firm to adapt its strategies and actions, including technology investments, accordingly.  

Moreover, government support at the macro level interacts with firms’ innovation processes and 

technological development, impacting firms’ digital innovation performance. Consequently, we 

suggest that the continuous interplay of multi-level factors, i.e., firms, technology, and 

government, where each evolves in response to changes in the others, drives the digital 

innovation performance of the firms and the broader ecosystem.  

  

B. Development of Hypotheses  

Digitalisation and innovation are crucial strategic directions [40], [41] to cope effectively with 

the reconstruction of the global value chain, reverse the trend of entities sliding into the virtual 



economy, and promote firm development in an innovation ecosystem [42], [43]. They exert a 

broad transformative influence on optimising and reorganising production factors and have 

farreaching effects on processes, products and services, and new business models [44], [45].    

Innovation and digital transformation include ongoing extended processes and necessitate a 

pertinent leadership vision and mindset for allocating resources per the competition requirements 

of the ecosystem, as well as providing continuous executive support [42]. Corporate governance 

theories, such as the upper echelons and stakeholder theories, provide insightful frameworks to 

examine firm decision-making, resource allocation, and strategic outcomes. However, while 

upper echelons theory [46] primarily concerns top managers' personality traits and cognitive 

biases, stakeholder theory [47] mainly focuses on sustainability and social responsibility related 

to firm behaviours, yet the structural governance insights they offer are relatively limited. The 

complex nature of digital innovations involves long R&D cycles and sunk costs along with 

shortterm financial returns to nurture technological improvements leading to better innovation 

performance. These two opposing yet complementary objectives and requirements highlight the 

importance of governance structures that effectively balance control and autonomy within an 

organisation. As digitalisation and innovation unfold over time, they require ongoing strategic 

adaptations driven by evolving governance and leadership visions. The board composition 

controls a firm's strategic direction and power centralisation. Thus, different board governance 

structures, such as the choice of independent members and CEO duality [48], [49] can impact a 

firm’s propensity for digital transformation and innovation output as the boards adapt their 

approach to lead the firm’s short and long-term strategic directions [50], [51].  

We use agency and stewardship theories, which provide compelling yet contrasting 

explanations for how control and autonomy shaped by governance structures, i.e. board oversight 

and CEO-led, influence firms’ innovation trajectories. Moreover, agency and stewardship 

theories offer insights into how firms adapt their governance structures in response to evolving 

technological and governmental forces [52], [53]. This co-evolutionary dynamic between 

governance structures and digital innovation performance reflects how firms continuously adapt 

their internal governance to maintain alignment with the innovation ecosystem's external 

pressures. Agency theory posits that chief executive officers (CEO) (agents) have self-serving 

motivations and prioritise greater economic rewards [54]. On the other hand, stewardship theory 

considers CEOs to be diligent stewards intrinsically motivated to pursue the company's 

organisational goals. CEOs align themselves with the company's mission; thus, possessing more 

than typical power, i.e. CEO duality, known as the possession of the board chairperson and CEO 

positions by the same individual, will better serve the firm's and its shareholders' interests [55], 

[56]. According to stewardship theory, a CEO duality leadership structure eliminates ambiguity 

in the decision-making process [57], which is vital in dynamic innovation ecosystems. However, 

agency theory believes in a separate board leadership structure, encourages independent board 

members and objects to CEO duality because it weakens board control and promotes CEO 

entrenchment [58], [59]. Traditional Confucian Chinese culture promotes paternalistic and 

collectivistic values [60]. It encourages individuals to embrace collectivism instead of selfserving 

and individualistic behaviours, thereby endorsing stewardship in making decisions. Moreover, 

the dual role of the CEO in management and governance can facilitate the alignment of the firm’s 

innovation strategies with overall business objectives, ensuring that innovation efforts are 

cohesive and well-supported in the innovation ecosystem. Therefore, we hypothesise:  H1: 



Compared to independent boards, CEO duality is associated with better digital innovation 

performance for firms in the innovation ecosystem of the Chinese manufacturing industry.  

  

Innovation ecosystem dynamics such as competition and rivalry, technological intensity, 

knowledge flows, regulatory environment, and collaborative partners require firms to possess 

specific resources and skills [61]. The asset scale constitutes a firm’s resource base, strategically 

influenced by the boards’ decisions. Research [62], [63] shows that the availability of firm-level 

resources influences how a firm addresses the challenges, dynamics and demands of its 

innovation ecosystem, ultimately affecting its performance.   

Therefore, a firm-centric perspective is needed to explore how firms’ internal resources and 

capabilities contribute to digital innovation performance. Given that digital innovations are 

highly dependent on financial, organisational and technological assets, the resource-based view 

of the firm (RBV) is particularly relevant and has the strongest explanatory power for 

understanding how firms can achieve superior innovation performance through internal asset 

accumulation [64], [65]. RBV theorises that firms with larger asset bases typically possess 

greater financial resources [66], [67]. Moreover, the speed and outcomes of the innovation 

process are a function of the firm’s resource availability [68], deployment and reconfiguration. 

Having substantial financial resources enables firms with a digitalisation vision to invest in 

advanced technologies, hire skilled personnel and fund extensive research and development 

(R&D) initiatives, all essential for digital innovation performance [69]. Thus, the greater the 

firm's asset scale, the more likely the firm’s digital transformation continuity and better digital 

innovation output. Namely, we suggest that large firms with greater asset scales can create more 

digital innovations at the firm level, thus driving better ecosystem performance. Based on the 

explanations, we hypothesise:   

H2: Asset scale is associated with better digital innovation performance for firms in the 

innovation ecosystem of the Chinese manufacturing industry.    

  

The influence of external environment and pressures on firms’ performance are examined by 

several theories such as industrial organisation theory (IDT), resource-dependency theory (RDT) 

or technology-organization-environment (TOE) framework in the literature. While industrial 

organisation [70] focuses on market-driven pressures, RDT [71] highlights how firms actively 

manage dependencies from a more strategic perspective. The TOE framework [72] explores why 

firms adopt digital technologies and offers a more structured view of technological and 

organisational adaptation, making it more firm-centric. However, institutional theory, which deals 

with all regulatory, normative and cultural forces, provides a more holistic macro-level perspective 

and is one of the most suitable theories for analysing policy-driven digital transformation and 

innovation.   

Moreover, the institutional theory supports the co-evolutionary perspective, suggesting that 

macro-level social structures, i.e., governments, can shape innovation ecosystems by providing 

authoritative guidelines for firm behaviour [73]. This co-evolution between government 

initiatives and firm strategies ensures that firms can leverage government support to maximise 

their innovation output while adapting to new regulatory frameworks. Indeed, government 

initiatives can provide the necessary resources and support to stimulate firms' innovation capacity 

and foster a dynamic innovation ecosystem [74]. Governments play a crucial role in encouraging 



and even compelling firms to adopt digital innovations to control financial transactions within 

markets, detect money laundering and other grey operations, provide intelligence, security, and 

data protection, improve efficiency and cost reduction in public and private services, and 

promote environmental sustainability [75], [76]. Furthermore, the rapid improvement in data 

information processing and digital transformation generates new jobs. The government 

dominates firms’ economic activities in China through regulations, policies and even more direct 

control mechanisms [77]. Due to the reasons mentioned above, governments can significantly 

impact ecosystems’ innovation performance through tax incentives, project support, and direct 

financial premiums for the R&D expenditures of firms [78].   

H3: Government support is associated with better digital innovation performance for 

firms in the innovation ecosystem of the Chinese manufacturing industry.  

  

Technology has long served as the primary driver of innovation. Industry 4.0 and 5.0 

advancements compel actors to understand the complex interconnections between technology 

and innovation processes [79]. Technological intensity refers to the degree to which an industry 

relies on advanced technologies to drive digital innovations. Technological intensity is 

particularly significant in the manufacturing industry due to intense global competition and the 

continuous push to optimise production and innovate products. For example, digital technologies 

can create new production functions [80], resulting in unique outputs that vary according to the 

degree of technological intensity, such as high, medium, or low. Our study examines the Chinese 

manufacturing industry, which consists of various sub-sectors, each characterised by different 

levels of technological intensity. For instance, consumer electronics manufacturing often 

employs high-tech processes, whereas chemical manufacturing uses medium-tech solutions.  

Based on the OECD’s classification of manufacturing technologies [81], we group these 

subsectors into three categories: low- and medium-tech manufacturing, medium- and high-tech 

manufacturing, and high-tech manufacturing. Each firm is classified within one of these 

categories. Consequently, we consider the technological intensity of each categorised sub-sector 

as a meso-level factor in the broader innovation ecosystem. Studies [82], [83] find that high-tech 

industries are more likely to embrace digital technologies. In high-tech industries’ innovation 

ecosystems, firms capitalise on resources for digital technologies such as AI and IoT, swiftly 

navigate technological changes and enable aggressive investment in R&D and innovation. This 

underscores how firms’ resource basis and technological intensity co-evolve, each pushing the 

other to higher levels of innovation. Thus, a firm's strategic behaviour regarding resource 

allocations aligns with its sub-sector's technological intensity in the ecosystem, leading to higher 

digital innovation performance. Based on the explanations, we hypothesise:  

H4a: The level of technological intensity within the ecosystem moderates the relationship 

between a firm's asset scale and digital innovation performance.   

  

Technology may be an even more influential meso-level factor affecting the ecosystems’ 

macro-level institutional forces, translating their impact into higher digital innovation 

performance. Nelson and Winter [34] highlight the importance of technology and institutional 

congruity: “In a regime in which technical advance is occurring and organisational structure is 

evolving in response to changing patterns of [the market] … the problem of evolutionary theory 

is the generation by new technologies of benefits and costs that old institutional structures 



ignore” (p. 368). Understanding these dynamics is crucial for policymakers to design effective 

initiatives that cater to different industrial sectors' specific needs and capacities, ultimately 

fostering a more robust and dynamic innovation ecosystem.   

Firms from high-tech industries, with their inherent focus on innovation, are more likely to 

respond vigorously to government initiatives [84], [45]. With their advanced digital infrastructure 

and a higher absorptive capacity—the ability to recognise, assimilate, and apply external 

knowledge—firms in high-tech industries might be better positioned to leverage government 

support for digital innovations. While firms from medium-tech industries benefit from similar 

initiatives, they may adopt a more measured approach, focusing on incremental improvements 

and practical applications. With their conservative stance towards innovation, firms that operate 

in low-tech industries require targeted government interventions demonstrating clear and 

immediate benefits to drive technological adoption. Firms in medium- and low-tech industries 

may struggle to utilise government support effectively due to a lack of technological capabilities 

and absorptive capacity, and its effect on those firms’ digital innovation performance might be 

less pronounced than that of firms from high-tech sub-sectors [10]. Therefore, the impact of 

government support on digital innovation performance may vary depending on the technological 

intensity of the manufacturing firms’ subsector in the ecosystem. Considering this, we 

hypothesise:  

H4b: The level of technological intensity within the ecosystem moderates the relationship 

between government support and firms’ digital innovation performance.   

  

Figure 1 below represents the theoretical basis and hypotheses of the study.   

  

 

Figure 1: The theoretical framework and hypotheses of the study  
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 III.  METHODOLOGY  

A. Data Selection   

  

We conducted our research on listed Chinese manufacturing firms. We selected a sample of 

listed manufacturing firms classified as digital and core industries between 2008 and 2019 from 

the China Stock Market & Accounting Research (CSMAR) database, the country’s pioneering 

domestic economic and financial database. The CSMAR database covers China’s core digital 

industries, such as the information and communication cluster with telecommunications, internet 

services, software development, and data services; the e-commerce cluster with online retail, 

marketplaces, and B2B platforms; semiconductors and electronics cluster, including 

manufacturing of integrated circuits, microchips, and other digital components; smart logistics 

and digital supply chain cluster and healthcare technology (telemedicine) with digital platforms 

in medical services, diagnostics, and remote healthcare solutions. The CSMAR database includes 

objective firm-level data, such as basic information, financial statistics, and corporate  

governance metrics, for manufacturing firms from a diverse range of sub-industries in 31 

provinces of China. Hong Kong, Macao, and Taiwan were excluded owing to their specific 

institutional systems, which function differently from other regions of China. Our rationale for 

selecting data from 2008 and 2019 is twofold: China's digital economy's significant expansion 

and rapid development occurred after 2008, and the relevant data were found afterwards [85]. 

China's national economic industry classification (GB/T 4754–2017) categorises listed firms into 

sectors, with the manufacturing industry split into 30 sectors out of 81 divisions. Then, we 

collected the patent data from China National Intellectual Property. We combined the 

International Patent Classification (IPC) and National Economic Industry Classification (NEQ, 

GB/T 4754–2017) with Python text data mining and information matching methods. We 

extracted the digital technology patents according to the NEQ code of patents and the 2021 

Chinese Statistical Classification of Digital Economy and Core Industries [86]. We also used 

input-output tables from 2012 and 2017, which serve as a critical foundation and offer detailed 

inter-industry flows and economic linkages [87]. The year 2012 marked a significant period in 

China's economic development as the country embarked on the implementation of its 12th 

FiveYear Plan (2011–2015), which emphasised industrial upgrading and innovation [88]. 

Similarly, 2017 was chosen as it reflects the progress achieved under the 13th Five-Year Plan 

(2016–2020), which prioritised digital economy development and the integration of traditional 

manufacturing with digital technologies [89]. Any discrepancies between the two years due to 

methodological differences, classification updates, or evolving economic conditions might 

introduce inaccuracies in the data.   

Therefore, the interval between 2012 and 2017 was particularly relevant for tracking the 

impact of digital technology integration and sectoral innovation over a reasonable duration 

without excessive data sparsity or missing trends. Although the input-output tables were not 

directly included in our quantitative analyses, we examined these tables to identify and exclude 

any biased or inconsistent data that might have arisen during the Five-Year Plan transition 

periods. This approach supported the robustness and reliability of the data used in our study [90].   

We removed ST, *ST and delisted companies and samples with missing and invalid data by 

utilising winsorising. Our final dataset comprised 11,379 observations from 1098 firms. We 



aimed to track the same firms over the entire period; however, due to missing data for some 

variables, we could not use panel data and instead used a longitudinal approach.  

  

B. Model Specifications  

  

To investigate the impact of the predictors, i.e. government support, firm asset scale, and 

board structure, including CEO duality and independent board, on digital transformation 

propensity and innovation output, we set a binary variable for Logit models as follows:  

   

𝑙𝑜𝑔𝑖𝑡(𝐷𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 = 1) = 𝜑(𝛽0 + 𝛽1𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑖𝑟𝑘𝑡 + 𝛽2𝑋𝑖𝑟𝑘𝑡 + 𝜆𝑟 + 𝛿𝑘 + 𝑡 + 𝑖𝑟𝑘𝑡)              (1) 

𝑙𝑜𝑔𝑖𝑡(𝐷𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 = 1) = 𝜑(𝛽0 + 𝛽1𝐴𝑠𝑠𝑒𝑡𝑖𝑟𝑘𝑡 + 𝛽2𝑋𝑖𝑟𝑘𝑡 +𝜆𝑟 +𝛿𝑘 + 𝑡 + 𝑖𝑟𝑘𝑡)              (2) 

𝑙𝑜𝑔𝑖𝑡(𝐷𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 = 1) = 𝜑(𝛽0 + 𝛽1𝐵𝑜𝑎𝑟𝑑𝑖𝑟𝑘𝑡 + 𝛽2𝑋𝑖𝑟𝑘𝑡 +𝜆𝑟 + 𝛿𝑘 + 𝑡 + 𝑖𝑟𝑘𝑡)          (3)  

  

𝑙𝑜𝑔𝑖𝑡(𝐷𝐼𝑛𝑛𝑜𝑣)𝑖𝑟𝑘𝑡 represents the digital transformation propensity of firm i, which operates in the 

industry k of urban agglomeration r in year t. Supportirkt stands for government support firm i 

obtained for digital innovation. Assetirkt represents the asset size of firm i, respectively. Finally, 

Boardirkt consists of independenceirkt and dualityirkt and represents the interdependency of the board 

and the combined title of board chair and CEO in firm i, respectively. We also constructed 

models to measure the exploratory variables’ impact on the digital innovation outputs of the firm  

–  𝐷𝑖𝑔𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡, below:  

  

𝐷𝑖𝑔𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 = 𝛼0 +𝛼1𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑖𝑟𝑘𝑡 + 𝛼2𝑋𝑖𝑟𝑘𝑡 +𝜆𝑟 +𝛿𝑘 + 𝑡 + 𝑖𝑟𝑘𝑡               (4)  

𝐷𝑖𝑔𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 = 𝛼0 +𝛼1𝐴𝑠𝑠𝑒𝑡𝑖𝑟𝑘𝑡 + 𝛼2𝑋𝑖𝑟𝑘𝑡 + 𝜆𝑟 + 𝛿𝑘 + 𝑡 + 𝑖𝑟𝑘𝑡              (5)  

𝐷𝑖𝑔𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 = 𝛼0 +𝛼1𝐵𝑜𝑎𝑟𝑑𝑖𝑟𝑘𝑡 + 𝛼2𝑋𝑖𝑟𝑘𝑡 + 𝜆𝑟 +𝛿𝑘 + 𝑡 + 𝑖𝑟𝑘𝑡            (6)  

C. Measures Dependent variables  

We measured the dependent variable, the digital innovation performance of firms in the 

ecosystem, using two proxies: (1) firms’ digital transformation propensity and (2) digital 

innovation output. Digital transformation propensity is assessed by firms’ sustainable digital 

technology patent output (1 yes, 0 no). Digital innovation output is measured at the firm level by 

the natural logarithm of the number of a firm’s applications or authorisations of digital 

technology innovation patents.   

  

Independent variables   

Government support: We collected data from the profit and loss items of "government 

support" in the notes in the financial statements of listed companies in the CSMAR database. We 

identified 164 keywords related to digitalisation, such as 5G, AI, digital technology, intelligence, 

machine learning, information technology, deep learning, robots, blockchain, and the Internet of 

Things. We considered each firm's government support regarding digital innovations, such as 

patent subsidies, enterprise talent training subsidies, chemical raw material technology awards, 



funds for postdoctoral workstation researchers, rewards for particular research and special funds 

for intellectual property. We extracted and summarised the number of related subsidies annually.   

Technological intensity: We classified the national sectors into three categories per the OECD 

manufacturing technology classification standards [81] and coded them: low- and medium-tech 

manufacturing (1), medium- and high-tech manufacturing (2), and high-tech manufacturing (3).  

Firm asset scale: We used total net asset size (log value of the total amount of a firm's assets 

in CNY).  

Board structure: We have two indicators: Independence and CEO duality. We reached the 

firms' board size, which refers to the total number of members on the board. We calculated the 

proportion of independent directors to the board size, which defines independence, while the 

possession of Board Chair and CEO positions refers to duality. We coded (1) for duality and (0) 

otherwise. Table 1 presents all variables' denominations, descriptions, means, standard 

deviations, and other statistical information.  

  

TABLE 1  

Control variables  

Studies [91], [92] show that employee numbers (Employee), average wage level (Wage), the 

nature of ownership, i.e. state-owned enterprise (SOE), less financial risk (Leverage), and high 

market value (Market) create more business and performance. Therefore, we controlled the 

mentioned variables to remove whatever effect they might generate on firm performance. We 

also controlled the dummy variables of years, industries, and regions (CityGroup) in all 

regressions to assess the pure influences of the independent variables in the ecosystem. While 

(X) represents the control variables in the model specifications,  𝜆𝑟, 𝛿𝑘,  and 𝑡 stand for the area, 

industry sector and year fixed effect, respectively, and 𝑖𝑟𝑘𝑡 indicates the error term.  

  

 IV.  ANALYSES AND RESULTS  

A. Multicollinearity   

Multicollinearity occurs when explanatory variables are highly correlated, which can 

compromise a regression model's statistical significance and precision. To address this, we 

conducted a bivariate correlation analysis to examine the relationships between all variables. The 

results revealed that none of the correlations exceeded 0.80, indicating an acceptable level of 

correlation [93]. Moreover, the variance inflation factor (VIF) scores were under the threshold 

value of 5 [94]. Table 2 provides the inter-item correlations and VIF scores.   

TABLE 2  

B. Regression Analyses  

We analysed the impact of independent variables on digital innovation performance by 

hierarchical OLS regression. In this method, we enter each set of independent variables into 

separate blocks and analyse the incremental changes in beta coefficients and the R2 statistic, 



assessing the impact and fraction of the variance explained by these variables [95]. Table 3 

presents the results of the regression analyses.  

   

TABLE 3  

  

First, we entered the control variables in Model 1. Model 1 shows the benchmark 

specifications with a constant. In Model 2, we added independent variables, independence and 

CEO duality. Although both variables were significantly associated with digital innovation 

performance (βindependence= 0.575, p< 0.05; βduality= 0.134, p< 0.01), we observe higher beta 

coefficients favouring independence, indicating a more significant influence than CEO duality on 

innovation performance. Thus, in contrast to our proposition, we reject H1.  

In Model 3, we enter firms’ total asset scale and find a significant relationship with digital 

innovation performance (βasset scale= 0.094, p< 0.01), confirming H2. Similarly, Model 4 shows a 

significant association between government support and digital transformation performance  

(βsupport= 1.890, p< 0.01), confirming H3.  

As a precondition for testing the moderation effect of technological intensity between 

independent and dependent variables, we assess the association of technological intensity with 

digital innovation performance and find it significant (βtechnology= 0.209, p< 0.1) in Model 5. This 

finding allows us to continue our analyses. Model 6 and Model 7 display the results of the 

interactions between asset scale and technological intensity (βASxTI= 0.138, p< 0.01) and between 

government support and technological intensity (βGSxTI= 3.591, p< 0.01), both significant.   

Compared to the individual impact of asset scale on digital innovation performance, its 

interaction with technological intensity increases the β value from 0.094 to 0.138. Additionally, 

the R² value, which represents the explanatory power of asset scale alone on innovation 

performance, rises from 20.4% to 21.8% after the interaction of technological intensity, providing 

an additional significant explanatory power of 1.4% (ΔR² = 0.014). These results prove that 

technological intensity moderates the relationship between asset scale and innovation 

performance. Thus, we support H4a.  

Similarly, the interaction between government support and technological intensity increases 

the β value from 1.890 to 3.591, compared to the individual impact of government support on 

innovation performance. Moreover, the R² value rises from 21.8% to 23.4% after accounting for 

the interaction with technological intensity, providing an additional significant explanatory power 

of 1.6% (ΔR² = 0.016). These findings confirm that technological intensity moderates the 

relationship between government support and innovation performance, supporting H4b.   

  

TABLE 4  

  

Table 4 summarises the study's hypotheses along with the findings regarding their support or 

rejection. Figures 2 and 3 illustrate how different levels of technological intensity moderate the 

impact of asset scale and government support on digital innovation performance. As 

technological intensity increases, asset scale and government support positively affect digital 

innovation performance.  



  

Figure 2: Moderation effect of TI on AS    Figure 3: Moderation effect of TI on GS  

In our models, R2 values are relatively low, i.e. 21–22% of explanatory power. Dikova et al. 

[96] consider this typical when working with longitudinal or large panel datasets. Therefore, we 

do not consider this a negative aspect of our study. Most control variables are significantly 

associated with digital innovation performance. In some findings, the coefficients of a few 

control variables appear negative, likely due to high correlations with other variables, causing 

coefficient instability and unexpected signs. For example, the coefficient of employee (log) 

becomes negative after the inclusion of the asset scale variable, which is highly correlated with it 

(0.661). However, the VIF score of 4.38 indicates a moderate level of multicollinearity. 

Moreover, robustness checks where the employee (log) was removed confirmed that 

multicollinearity did not impact the results, supporting the robustness and reliability of the 

predictions.  

C. Endogeneity   

The Chinese government considers digital transformation so critical that it will likely become 

a policy experiment or a natural market behaviour rather than a strategic choice for innovation 

ecosystems. Thus, the dominant policy effects of the Chinese government and presupposed 

market efficiency, which may not always represent reality, can cloud the unobserved timevarying 

productivity effects of digital innovation performance [52], [53]. This situation may create an 

endogeneity issue when a firm’s propensity to continue digital transformation is included in 

measuring digital innovation performance. The degree of transformation among the firms is also 

uneven. To address a possible endogeneity problem, we employed Propensity Score Matching 

(PSM) and Difference-in-Difference (DID) methods to carry out one-to-one nearest matching 

with return for the treatment and control groups and then estimate the successfully matched 

samples.   

While doing so, we use total factor productivity (TFP) as the firm’s economic efficiency 

indicator since it includes financial data that conveys historical firm performance and can offer 

realistic and objective results. We calculate TFP with the return of net assets – equity (ROE), 

return on assets (ROA), and Tobin's Q, where𝐷𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 is the key explanatory variable, 𝑌𝑖𝑟𝑘𝑡𝑃𝑆𝑀 

  



is the TFP of the enterprise, and X are the control variables. The corresponding regression model 

is as follows:  

𝑌𝑖𝑟𝑘𝑡𝑃𝑆𝑀 = 𝛼 + 𝛽𝐷𝐼𝑛𝑛𝑜𝑣𝑖𝑟𝑘𝑡 +𝛾𝑋𝑖𝑟𝑘𝑡 + 𝜆𝑟 +𝛿𝑘 + 𝑡 + 𝑖𝑟𝑘𝑡                   

  

We tested the TFP differences between firms which implement digital transformation 

initiatives and those that do not adequately engage in digital transformation by Olley–Pakes (OP) 

and Levinsohn–Petrin (LP) estimates [97], [98]. The growth in TFP is called “intensive growth”, 

which refers to high-quality economic performance [99]. We consider firms implementing digital 

transformation as the treatment group and less implementing ones as the control group. We use 

our exploratory variables to calculate both groups’ propensity scores by the nearest neighbour 

matching method and compare the mean scores of the treatment and control groups. The 

comparison based on the t-values verifies the parallel trend hypothesis, which indicates no 

significant difference between the groups in terms of TFP, as shown in Table 5.   

  

TABLE 5  

  

Therefore, the estimation results confirm that digital transformation significantly and 

positively affects the TFP of different group enterprises.  

  

 V.  DISCUSSION  

  

Innovation ecosystems are multifaceted and interdependent environments where value 

creation emerges from interactions among diverse actors, including firms, governments, and 

technological infrastructures [100]. Accordingly, we examined how the interactions of these 

actors across multiple levels provoke co-evolutionary dynamics of digital innovation 

performance within the innovation ecosystem of the Chinese manufacturing industry. Our study 

shows that each level significantly impacts digital innovation by co-evolving in the ecosystem, 

often in interdependent ways. The findings resonate with broader discussions of 

GramaVigouroux et al. [101], who emphasise systemic drivers' interconnected and interactive 

impact in shaping performance outcomes within national innovation ecosystems. Furthermore, 

the alignment with findings from studies employing alternative theoretical perspectives, such as 

the value-based theory [102] or technology-organisation-environment (TOE) framework and 

configurational theory [103], in examining collaborative innovation driven by diverse relational 

elements demonstrates that consistent results across different theoretical lenses provide a robust 

foundation for our recommendations.  

A key contribution to understanding the micro-level impact on innovation trajectories within 

the ecosystem was the role of firm governance, specifically, CEO duality versus independent 

board structures, in shaping a firm’s digital innovation performance. The findings which did not 

support our first hypothesis may be surprising within the context of the Chinese manufacturing 

industry's innovation ecosystem. In contrast to our initial hypothesis, which was grounded in the 

prevailing cultural values of Chinese society and the centralised governance style and 

concentrated decision-making power in China [104], independent boards seem more conducive 

to driving digital innovation than CEO duality. The positive effect of board independence on 



digital innovation performance might be explained by providing unbiased oversight, mitigating 

the risks of entrenchment associated with CEO duality, or curbing the hegemony of a limited 

number of executives, which impedes participation and creativity in decision-making. This 

finding is interesting because many Chinese firms have government-appointed independent 

directors who ensure accountability and risk management and follow innovation strategies, 

aligning them with national policies and government incentives [105]. Given that these 

independent directors have limited autonomy in influencing firm decisions and shaping firms’ 

behaviour and policies and are generally constrained as they adhere closely to national and 

government directives, another factor might be driving digital innovation performance. In this 

context, board members' digital expertise and technology orientation could serve as the primary 

determinant of innovation performance disparities rather than the structure of the board and 

traditional agency-stewardship dynamics, which primarily revolve around autonomy and risk 

perception. Recent empirical research increasingly supports this perspective. For example, Liu et 

al. [106] present the increasing importance of board members' digital expertise, an issue often 

overlooked in traditional board composition research. The study finds that Chinese firms with 

board members specialising in digital technologies outperform competitors in digital innovations, 

i.e., AI, Fintech, and Blockchain. Therefore, the board-level technological capabilities might play 

a more critical role than the structure and composition of the board in explaining digital 

innovation performance in the context of our study.   

Another micro-level factor, asset scale, aligns with the co-evolutionary model's emphasis on 

resource endowment. We find that larger firm asset scales are associated with enhanced digital 

innovation performance. Firms with larger asset bases are better equipped to navigate challenges, 

such as market saturation, regulatory compliance, supply chain complexity, integration of digital 

transformation and sustainability pressures, by leveraging their financial strength to invest in 

cutting-edge technologies, attract specialised talent, and support extensive R&D initiatives in a 

competitive ecosystem [107]. This finding aligns with the resource-based view (RBV), which 

underscores the critical role of allocating resources toward innovation to adapt to changes [68] in 

technologically intensive and dynamic innovation ecosystems.   

However, it is not merely the size of a firm's assets that determines its innovation 

performance but rather the nature and strategic utilisation of those assets. Prior studies [108], 

[109] indicate that to maximise their effectiveness in fostering innovation and creativity, firms 

must allocate, mobilise, and circulate tangible and intangible assets both within and beyond their 

ecosystems. For instance, networking skills and corporate political activities can play a more 

significant role by enhancing the firm’s ability to interact with the government and leverage more 

support within the innovation ecosystem or foster synergies and facilitate collaboration among 

diverse ecosystem components. The research [110] highlights the importance of flexible 

mechanisms for firms to swiftly reallocate and deploy resources in response to dynamic demands 

and technological changes in ever-evolving innovation ecosystems. Thus, in our context, a firm’s 

diversified governance structure influences decisions regarding optimising, investing, and 

deploying innovation resources, approaching government initiatives, and forming regional 

innovation networks to thrive [111]. Together, these elements highlight the intricate 

interdependencies that underpin the co-evolutionary nature of innovation performance.  

Our evidence shows that government support at the macro level is a crucial determinant of 

digital innovations in the ecosystem. This finding is particularly relevant in China, where the 



government is central in directing economic and industrial policy. Government support, delivered 

through subsidies, tax incentives, and direct financial assistance, is instrumental in helping firms 

navigate the significant financial barriers inherent in transferring advanced technologies and 

achieving digital innovations [112]. The strong response from firms to these incentives 

underscores the powerful institutional influence on innovation outcomes, reflecting the 

government's ability to guide and accelerate digital innovation within this complex and dynamic 

ecosystem. In this context, government support serves as a catalyst and accelerates firms’ digital 

innovations by offering the financial and institutional frameworks essential for success. This 

process is further reinforced by effective firm governance and substantial asset scale, which 

ensure strategic resource allocation and alignment with the dynamic demands of the evolving 

ecosystem.  

The technological intensity at the meso-layer of the ecosystem moderates the relationships 

between the micro-layered firm's asset scale, macro-layered government support, and digital 

innovation performance. The interaction between a firm’s asset scale and technological intensity, 

as well as between government support and technological intensity, highlights the importance of 

aligning firm-level strategies and government policies with the industry's technological demands. 

High-tech industries, characterised by rapid innovation cycles and significant R&D investments, 

exhibit the most pronounced improvements in innovation performance when these factors are well-

aligned. The interplay between technological intensity and firm-level and macro-level factors 

reflects the co-evolutionary dynamics of the ecosystem, where the firm's internal capabilities and 

external supports must adapt to the evolving technological landscape. Technological intensity can 

amplify the effects of well-aligned resources and policies, driving significant improvements in 

innovation performance. Thus, we highlight that the technological intensity of the ecosystem in 

which firms operate can either amplify or attenuate the effects of firm-level resources and 

government policies.   

We identified significant relationships between control variables and digital innovation. 

Average wage level, state-owned enterprise (SOE) status, and market value are strongly 

associated with digital innovation performance. Higher wage levels often correlate with a more 

skilled workforce, which can enhance innovative output. This positive impact on digital 

innovation may also reflect executive leadership's focus on efficiency and the increased digital 

awareness among employees. The positive relationship between SOEs and digital innovation 

performance likely stems from government policy enforcement and additional support from 

government institutions, such as improved borrowing opportunities from public banks and 

streamlined processes for obtaining patents or trademarks. Additionally, higher market value 

naturally drives the need for continuous digital innovation to maintain a competitive edge, with 

variations in digital innovation output often reflecting the degree of digital transformation 

implementation. In contrast to these positive relationships, financial risk (Leverage) 

demonstrated an inverse relationship with digital innovation performance, particularly in models 

where the asset scale variable was included. With financial leverage coded inversely, this finding 

suggests that as a firm's financial risk increases, executive leadership may reduce investments in 

digitalisation, decreasing the firm's innovation output.  

  

 VI.  THEORETICAL CONTRIBUTIONS  

  



Grounded in a co-evolutionary, multi-level framework, this study advances the understanding 

of innovation ecosystems by exploring the dynamic interplay between firm-level governance, 

resource endowments, macro-level government support, and meso-level technological intensity 

within the Chinese manufacturing industry. With this study, we shed light on the co-evolutionary 

nature of innovation ecosystems, where changes at one level can have ripple effects throughout 

the ecosystem. For example, a shift in government policy (macro-level) can lead to changes in 

the technological landscape (meso-level), which in turn can influence firm behaviour and 

resource allocation (micro-level). Our findings corroborate Jütting [113] and Chen et al. [114], 

who demonstrate how co-evolutionary interactions among ecosystem actors enhance the 

performance of regional innovation ecosystems. We empirically validate the moderating role of 

technological intensity in shaping the effectiveness of government subsidies while also 

amplifying the impact of firm-level governance and asset mobilisation, thereby bridging macro 

and micro-level perspectives. This dynamic interplay reveals the importance of considering the 

entire ecosystem when developing strategies to enhance firms’ digital innovation performance.  

As another theoretical contribution, we extend the traditional corporate governance literature 

that has been split between agency and stewardship theories, focusing on control versus 

autonomy and risk. We position governance structures as co-evolving with the ecosystems’ 

conditions, which become a dynamic enabler of innovation rather than a static mechanism 

executing an internal check and balance function.   

  

 VII.  IMPLICATIONS   

  

We provide actionable insights for ecosystem stakeholders, from managers to policymakers, 

to design adaptive strategies that enhance firms’ digital innovation performance and foster 

sustainable growth. Independent and autonomous perspectives play a pivotal role in enhancing 

digital innovation performance. A board composition with balanced governance between 

oversight, creativity and strategic decision-making can stimulate collaborative thinking with all 

stakeholders in the innovation ecosystems, which is essential for adapting to rapid technological 

changes in the manufacturing sector. Thus, manufacturing firms should move away from 

centralised decision-making models, embrace governance structures that harmonise foresight, 

creativity and collaboration, and encourage strategic innovations. While larger firm asset bases 

correlate with improved digital innovation, it is the firms’ capabilities for strategic allocation and 

utilisation of these resources that maximise their impact.   

Government subsidies can catalyse initial adoption, but sustained innovation and 

performance depend on robust internal resources, effective governance, and advanced 

technological capabilities [115]. Consequently, firms should focus on strengthening their internal 

competencies and governance frameworks to maximise the benefits of these subsidies rather than 

relying solely on government initiatives. Technological intensity serves as a critical moderator 

that amplifies or attenuates the interactions between firm governance, asset base, and government 

support. In high-tech environments, rapid innovation cycles necessitate robust governance 

structures, strategic asset mobilisation, and adaptive policy measures. Conversely, medium- and 

low-tech ecosystems may require foundational investments and targeted support to enhance 

technological capacity and foster gradual innovation.   



Despite their potential, many manufacturing firms have yet to realise the full benefits of 

digital technologies for sustainable innovation. While high-tech innovation ecosystems 

demonstrate enhanced agility in their wide range of operations, medium to low-tech ecosystems 

use lower technological intensity and face challenges in innovation and operation-related 

outcomes [116]. Per PwC’s 2024 Digital Trends in Operations Survey [117], 69% of 

manufacturing firms’ digital transformation investments have not delivered the expected results. 

Similarly, the World Manufacturing Foundation's recent survey [118] shows that only 9% of 

manufacturing organisations leverage artificial intelligence, indicating a vast untapped potential. 

This understanding empowers managers and policymakers to make informed decisions within the 

ecosystems. Engineering managers must bridge the gap between technical expertise and strategic 

decision-making, ensuring that manufacturing firms can harness their innovative capabilities to 

remain competitive.   

Analytics and reporting systems enable the tracking of the impact of government policies and 

technological trends on firms' innovation performance while facilitating reciprocal adaptations 

and iterative feedback loops across the micro-, meso-, and macro-level elements of the 

ecosystem. Policymakers should consider the co-evolutionary nature of innovation ecosystems 

and create adaptive frameworks that support ecosystem-wide collaboration and innovation when 

designing policies. The impact of government initiatives may vary depending on the industry's 

technological intensity and the firms' resource endowments. Therefore, government support 

policies should be tailored to the specific needs of evolving innovation ecosystems and 

strengthen their technological infrastructure.  

 VIII.  LIMITATIONS AND FUTURE RESEARCH DIRECTIONS  

This study has several limitations. The data's timeframe, from 2008 to 2019, may not fully 

reflect the most recent developments and trends in digital innovations, especially given the rapid 

pace of technological change in the last few years. The research focuses specifically on 

manufacturing firms in China. Thus, the findings may not directly apply to other industries or 

countries. Different sectors and countries may have unique challenges and drivers of digital 

innovation, which might not be captured in this study. We used patent counts and financial data 

as digital innovation and performance proxies. While these are commonly used indicators, they 

may not fully encompass the breadth of digital transformation activities or the qualitative aspects 

of innovation, such as process improvements or customer satisfaction. The measure of 

government subsidies is based on financial statements, which might not comprise all forms of 

government support, such as indirect incentives or regulatory advantages. Missing data for some 

variables prevented us from employing an entire panel data approach, so we used a longitudinal 

approach, which may impact the consistency of observations across all years. The explanatory 

power of the variables in R2 values was relatively low, which could be attributed to numerous 

ecosystem-related factors impacting firm-level digital innovation performance. Despite this, the 

findings provide insights into understanding these influences on digital innovation performance. 

Since our control variables demonstrated significant associations with innovation performance, 

we do not view low R2 values as a significant limitation [89] but emphasise that the findings 

should be interpreted cautiously. Finally, using Logit models to analyse digital innovation 

performance assumes that the relationships between variables are linear and additive. This may 



oversimplify the complex and potentially non-linear interactions between different factors 

influencing the digital innovation performance of the ecosystems.   

Future research should address these limitations by incorporating other ecosystem actors, i.e. 

suppliers, customers or strategic partners, with more comprehensive and up-to-date data, 

exploring other sectors and regions, and employing more sophisticated analytical methods such 

as machine learning algorithms, network analysis, and predictive analytics to uncover hidden 

patterns and capture ecosystem innovation performance's complex and dynamic nature. 

Additionally, qualitative studies could provide deeper insights into the decision–making 

processes within firms and ecosystems, complementing this study's quantitative findings. Finally, 

the examination of the background of board members, whether independent or executive, could 

provide deeper insights into whether digital innovation disparities arise from board structure or 

from board members’ specialised digital expertise that aligns with the ecosystem’s requirements.   
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Innovation  Log of digital technology patent 

output and number of digital 

innovation patents.   
11,379  0.777  1.580  0  0  0.693  

Support  Logged government support   11,379  12.076  6.429  12.294  14.848  16.084  
Asset scale  Logged asset size  11,379  21.418  1.349  20.488  21.252  22.158  
Board size  Board size, total number of 

directors  
11,379  8.574  1.679  7.000  9.000  9.000  

Independence  Independence of the board of 

directors  
11,379  0.373  0.055  0.333  0.333  0.429  

CEO duality  Combined title of Board Chair and 

CEO (1/0)  
11,379  0.280  0.449  0  0  1.000  

Employee  Logged number of employees   11,379  7.773  1.146  6.971  7.689  8.479  
Wage  Logged average wage of an 

employee  
11,379  17.005  1.823  16.149  17.058  17.950  

SOE  State ownership(1/0)  11,379  0.341  0.474  0  0  1.000  
Market  The total value of an enterprise 

based on market share in the 

industry (log)  
11,379  0.020  0.055  0.002  0.004  0.015  

Leverage  Financial leverage, total 

liabilities / total assets  
11,379  0.409  0.935  0.241  0.388  0.539  

Tech intensity  Low- and medium-tech (1), 

medium- and high-tech (2), high-

tech (3)  
11,379  2.397  0.707  2  3  3  

  

  

  



Table 2. Inter–item correlations  
Variables  (1)  (2)  (3)  (4)  (5)  (6)  (7)  (8)  (9)  (10)  (11)  (12)  VIF  

(1) Innovation (log)  1.000                        1.18  

(2) Wage (log)  0.191***  1.000                      1.77  

(3) Employee (log)  0.184***  0.638***  1.000                    4.17  

(4) SOE  0.051***  0.174***  0.272***  1.000                  1.19  

(5) Market (log)  0.058***  0.277***  0.393***  0.107***  1.000                1.29  

(6) Board size  0.082***  0.162***  0.263***  0.231***  0.094***  1.000              1.57  

(7) Independence  0.052***  0.016*  –0.019**  –0.051***  0.015  –0.514***  1.000            1.41  

(8) CEO duality  0.034***  –0.089***  –0.164***  –0.259***  –0.038***  –0.187***  0.116***  1.000          1.11  

(9) Asset scale (log)  0.194***  0.623***  0.661***  0.305***  0.440***  0.272***  –0.021**  –0.185***  1.000        4.38  

(10) Leverage  0.102***  0.300***  0.484***  0.264***  0.180***  0.146***  0.001  –0.133***  0.330***  1.000      1.36  

(11) Support (log)  0.169***  0.196***  0.257***  0.111***  0.145***  0.087***  0.022**  –0.048***  0.277***  0.257***  1.000    1.10  

(12) Tech intensity  0.267***  –0.044***  –0.098***  –0.031***  –0.208***  –0.055***  –0.008  0.025***  0.124***  0.036  0.056***  1.000  1.16  

   *** p< 0.01, ** p< 0.05, * p< 0.1    

  

   

   

   

  

  

  

  



Table 3. Analysis results for digital innovation performance  

 

DV: Digital Innovation Performance (DInnov) + (logDigInnov)  
Variables  Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  Model 7  
Controls    

  
Constant  

  

–3.564***  

  

–3.840***  

  

–9.910***  

  

–3.227***  

  

–4.129***  

  

7.406***  5.352***  

  (0.566)  (0.573)  (0.682)  (0.565)  (0.664)  (1.236)  (1.281)  

Wage (log)  0.083***  0.082***  0.048***  0.079***  0.082***  0.055***  0.052***  

  (0.010)  (0.011)  (0.0101)  (0.010)  (0.011)  (0.011)  (0.010)  

Employee (log)  0.147***  0.155***  –0.152***  0.124***  0.155***  –0.150***  –0.146***  

  (0.018)  (0.018)  (0.028)  (0.018)  (0.018)  (0.027)  (0.027)  

SOE (1/0)  0.198***  0.228***  0.162***  0.186***  0.225***  0.115***  0.143***  

  (0.035)  (0.036)  (0.035)  (0.035)  (0.035)  (0.034)  (0.035)  

Market (log)  2.117***  2.031***  0.282  1.815***  2.023***  2.026***  1.753***  

  (0.379)  (0.379)  (0.393)  (0.379)  (0.379)  (0.400)  (0.401)  

Leverage  –0.0967  –0.103  –0.352***  –0.0964  –0.0960  –0.438***  –0.114  

  (0.091)  (0.091)  (0.093)  (0.091)  (0.091)  (0.092)  (0.091)  

Independent Variables  

  
Independence  

  

  

  

0.575**  
(0.260)  

  

  

  

  

  

  

  

  

  

  

CEO duality    0.134*** 

(0.033)  
          

Asset scale (AS)      0.094*** 

(0.033)  
        

Support (GS) (log)        1.890*** 

(1.940)  
      

Technological intensity (TI)          0.209*  
(0.183)  

    

  
Interactions  

  
AS X TI            

0.138*** 

(0.009)    
GS X TI              3.591*** 

(3.8110)  
Year FE  Yes  Yes  Yes  Yes  Yes  Yes  Yes  
Industry FE  Yes  Yes  Yes  Yes  Yes  Yes  Yes  
CityGroup FE  Yes  Yes  Yes  Yes  Yes  Yes  Yes  
Observations  11,379  11,379  11,379  11,379  11,379  11,379  11,379  
R2  0.185  0.186  0.204  0.192  0.187  0.218  0.234  

Standard errors in parentheses, *** p< 0.01, ** p< 0.05, * p< 0.1  

  

  

Table 4. The summary of the results     

Hypotheses  

  

Results  

H1: Compared to independent boards, CEO duality is associated with better digital 

innovation performance for firms in the innovation ecosystem of the Chinese 

manufacturing industry.  

Rejected  

H2: Asset scale is associated with better digital innovation performance for firms in the 

innovation ecosystem of the Chinese manufacturing industry.   
Supported  

H3: Government support is associated with better digital innovation performance for 

firms in the innovation ecosystem of the Chinese manufacturing industry.  
Supported  



H4a: The level of technological intensity within the ecosystem moderates the 

relationship between a firm's asset scale and its digital innovation performance.   
Supported  

H4b: The level of technological intensity within the ecosystem moderates the 

relationship between government support and firms’ digital innovation performance.   
Supported  

  

Table 5. Difference analyses  

   
N  Mean  SD  Mid  
LP  TFP algorithm of LP method  11,379  15.283  0.976  14.535  15.100  15.738  
OP  TFP algorithm of OP method  11,379  12.720  0.710  12.206  12.607  13.089  

                

  Treatment  Control  Difference  t–value  

TFP–LP  15.283  15.264  0.018  0.644  

TFP–OP  12.720  12.716  0.004  0.206  

  

  

  

  

Variables   Descriptions   Q1   Q3   



  


