 
[bookmark: _Hlk108374110][bookmark: OLE_LINK1][bookmark: OLE_LINK49]Artificial Intelligence Fueling Endogenous Innovation: Evidence on Global Value Chain Upgrading in
 Chinese Manufacturing Firms
[bookmark: OLE_LINK9]Abstract: This study investigates how AI-driven endogenous innovation enables Chinese manufacturing firms to upgrade their positions in global value chains (GVCs). Based on survey data from 287 firms, we identify a core mechanism through which AI alleviates resource constraints by improving technical efficiency, supporting data-driven decision-making, and facilitating knowledge recombination. This mechanism helps firms overcome low-end lock-in and move toward higher-value activities. Our analysis reveals two key findings that contrast with established views. First, the primary internal driver of innovation is organizational innovation culture rather than individual entrepreneurship, refining the traditional Schumpeterian paradigm’s emphasis on the entrepreneur. Second, while absorptive capacity strengthens process and product upgrading, it does not support functional upgrading, revealing a disconnect between technological capability and governance power. The study contributes theoretically by clarifying the linkages among AI capabilities, endogenous innovation, and GVC upgrading. For managers, it underscores the importance of cultivating an innovation-oriented culture within the organization, while leveraging external market pressures and policy support to build a robust foundation in data, algorithms, and computing power. All findings are validated through structural equation modeling and robustness checks, providing reliable insights for both research and practice.
Index Terms: Global Value Chain; Artificial Intelligence; Endogenous Innovation
[bookmark: OLE_LINK2]Managerial Relevance Statement: This study provides actionable insights for engineering managers and policymakers looking to strengthen manufacturing competitiveness by leveraging AI. For managers, the findings highlight that cultivating a culture of experimentation and knowledge-sharing drives innovation more effectively than purely top-down approaches. Strategic investments in data, algorithms, and computing power are essential, as is leveraging market competition to spur upgrades in processes and products. Ultimately, strengthening the team’s capacity to learn and apply new technologies is fundamental to success. For policy makers, the results underscore the importance of targeted policy support, including subsidies for AI technologies, supporting programs that facilitate small and medium-sized firms’ access to data and digital infrastructure, and mechanisms that reduce innovation risk. Policy makers should also encourage market competition while providing clear standards and pilot zones for new technologies. Additionally, this study contributes to the aims of United Nation’s Sustainable Development Goals 8 and 9.
Ⅰ. INTRODUCTION
[bookmark: OLE_LINK52][bookmark: OLE_LINK56]The deepening integration of the global economy and the disruptive impact of Artificial Intelligence (AI) have made global value chains (GVCs) a pivotal mode for countries to engage in the international division of labor [1][2][3]. The emergence of advanced AI innovations such as OpenAI’s ChatGPT Agent marks a transition of AI from “passive response” to “active execution” and is expected to further promote participation in GVCs. Real world testing by AIG, North America's largest insurance group, demonstrates that ChatGPT Agent can significantly boost fraud detection accuracy by 33% while drastically reducing the need for manual intervention by 80%, indicating profound implications for global business models. AI-driven decision systems are actively reshaping GVC networks, connecting global production, sales, and recycling processes through data flows and intelligent logistics [4][5]. Concurrently, the GVC model is accelerating industrial transformation, particularly in AI-intensive domains such as autonomous manufacturing and predictive maintenance [6][7][8]. It also facilitates the diffusion of international technological systems, especially fostering the development of technological capabilities in developing economies [9][10][11]. Firms possessing higher levels of specialized knowledge tend to enhance their value through endogenous innovation on a larger scale, although this strategy necessitates weighing the risks of innovation failure against the potential magnitude of technological improvement [12].
While AI empowers GVC, it also intensifies competition for governance and control within these chains. Multinational corporations commanding algorithmic standards and core technologies (e.g., Siemens MindSphere) dominate high-value-added segments. Conversely, developing economies reliant on technology imports and contract manufacturing faces the risk of being locked into low-end segments [9][13]. The core challenge lies in the fact that competitive advantage in the AI era increasingly concentrates on algorithm architectures and training data ecosystems [14][15][16]. Developing economies that over depend on imported high-tech components [17],[18] , risk falling into a "triple lock-in" trap: technological dependency and OEM lock-in →inefficiency lock-in→lack of endogenous innovation capability lock-in. As a leading developing economy, China exemplifies this struggle. While it has integrated into GVC leveraging cost advantages in data acquisition and innovation in AI application layers (e.g., facial recognition, intelligent customer service) [19] and leads globally in AI patent filings, its weak foundation in AI chip design and lack of core technologies (like machine learning frameworks) hinder its escape from "low-end lock-in" [9][20][21]. Huawei’s experience in 2019, when U.S. technology sanctions on chip design limited its operations, revealed China’s reliance on foundational AI technologies, including EDA tools and high-end GPUs. Further underscoring this challenge, UNCTAD data highlight a structural mismatch between the scale of China’s manufacturing sector and its position in global value chains: Although China accounts for around 30% of global manufacturing output, its average GVC position index has consistently remained below 0.3 Moreover, external dependence exceeds 70% in core areas like high-end chips and fundamental algorithms. This situation underscores both the pressing urgency and the substantial challenges involved in upgrading Chinese manufacturing toward higher-value segments within the GVC framework. Within this context, endogenous innovation has emerged as a critical pathway toward technological autonomy and control, gaining increasing prominence alongside the evolution of the digital economy. Endogenous innovation prioritizes breakthrough advances in indigenous technological capabilities through sustained investment in, and continuous optimization of, internal Research and development (R&D) systems, rather than reliance on imported technologies. From this theoretical perspective, the DAC synergy model exhibits clear endogenous characteristics: The continuous accumulation of data constitutes a foundational resource base; the autonomous optimization of algorithms forms the core of technological competitiveness; and the iterative upgrading of computing infrastructure provides a robust platform for innovation [22][23]. The dynamic coupling and iterative optimization among these three elements not only corroborate the “internal driver” principle at the heart of endogenous innovation theory, but also enable the self-reinforcing and sustained evolution of innovation capabilities through positive feedback mechanisms. This endogenous DAC mechanism reflects novel features of technological development in the digital era and offers a practical pathway for building an independent and controllable innovation system. A deeper examination of its internal logic is therefore of substantial theoretical and practical significance for understanding patterns of digital technological innovation and for promoting industrial transformation and upgrading. 
From an engineering management perspective, the adoption of AI within GVCs is not merely a technological upgrade but a strategic innovation pathway that enhances firms’ competitiveness and supports GVC upgrading. However, innovation does not automatically emerge from technology adoption; it requires deliberate managerial decision-making involving capability orchestration, organizational coordination, and technology governance. Existing studies have explored how AI reshapes production networks and promotes industrial upgrading, yet there remains limited understanding of how AI facilitates firms’ endogenous innovation and its implications for GVC upgrading. Specifically, engineering managers must determine how AI-enabled innovation resources are deployed, integrated into existing systems, and governed through managerial structures and oversight mechanisms. This research therefore links AI-driven endogenous innovation to key engineering management concerns: Managerial decision-making, capability orchestration, and technology governance in engineering-intensive firms.
Despite growing scholarly attention to the relationship between endogenous innovation and GVC upgrading, existing research exhibits two major limitations. First, most studies remain rooted in traditional innovation theory [24], failing to elucidate how the DAC synergy in the AI era reshapes GVC upgrading pathways [22]. Second, systematic empirical evidence remains scarce, particularly in the context of Chinese manufacturing firms. In particular, the moderating role of AI technologies in the mechanisms through which innovation culture, market competition, and policy support drive upgrading has been largely overlooked [25][26]. Addressing these gaps, this study examines the endogenous innovation practices of Chinese manufacturing firms. Its core objective is to reveal how they can break the GVC low-end lock-in and achieve substantive upgrading in value chain positioning by cultivating endogenous innovation capabilities. Specifically, this study seeks to address three core research questions: (1) What are the critical internal factors and external factors driving endogenous innovation in Chinese manufacturing firms in the AI era? (2) Through what specific mechanisms does endogenous innovation influence the process of GVC upgrading? (3) What moderating role does a firm's absorptive capacity play in the relationship between endogenous innovation and GVC upgrading?
This study not only fills gaps in existing theoretical research but also provides practical managerial implications. At the theoretical level, this research contributes to Schumpeterian innovation theory and GVC upgrading literature by introducing AI as a strategic enabler of endogenous innovation and highlighting its implications for value chain repositioning and upgrading. At the managerial level, the findings offer decision-relevant insights for engineering leaders and policymakers in emerging economies: how to allocate AI investments, orchestrate complementary capabilities across functions, and design governance mechanisms (e.g., standards, decision rights, and oversight) to reduce innovation risks and accelerate technology diffusion.
To systematically explore the aforementioned research questions, this study employs a rigorous academic framework for analysis: Section 2 constructs a theoretical framework for endogenous innovation and GVC upgrading; Section 3 proposes research hypotheses from the perspective of "data-algorithm-computing power"; Section 4 validates the hypotheses using structural equation modeling; Section 5 discusses the research findings; and Section 6 summarizes theoretical and policy implications. This progressive research framework not only ensures the rigor of the argumentation but also provides a systematic analytical pathway for in-depth examination of the intrinsic relationship between endogenous innovation and global value chain upgrading.
Ⅱ. THEORY AND HYPOTHESES DEVELOPMENT
This section integrates Schumpeterian innovation theory, the resource-based view, and GVC theory to construct a coherent theoretical framework and develop hypotheses. In the context of the AI era, this study theorizes endogenous innovation as a firm-level capability resulting from the interaction between internal organizational resources and external environmental stimuli. Specifically, internal factors such as entrepreneurship and innovation culture influence firms’ ability to generate new technological knowledge, while external forces such as market competition and government support shape innovation incentives and resource availability. Furthermore, this study proposes that endogenous innovation enables firms to upgrade within GVCs by improving productivity, enhancing product complexity, and strengthening international market position. Finally, the study examines the moderating role of firms’ absorptive capacity in shaping these relationships. Importantly, we position this framework as an engineering management problem: The hypothesized mechanisms reflect managerial levers for orchestrating capabilities and governing technology choices across engineering systems.
A. Endogenous Innovation and Its Drivers in the AI Era
From an engineering management perspective, endogenous innovation is not merely a by-product of AI adoption but a purposeful and strategic process. In other words, the innovation capacity of firms is shaped by their internal entrepreneurial spirit and innovation culture, while also depending on the external environment such as market competition and governmental support. As AI becomes widely adopted, firms increasingly leverage this technology to improve production efficiency, optimize decision-making, and enhance innovation outcomes. Yet, in order to harness AI’ s full potential, firms must actively develop new technological capabilities and create a supportive organizational environment. This requires managerial decisions about how to coordinate cross-functional engineering resources, allocate AI-related investments, and govern technology deployment through standards, review processes, and accountability structures, rather than treating innovation as an automatic by-product of technology adoption.
The theoretical roots of endogenous innovation trace back to Schumpeter (1934)[24], who defined innovation as "the establishment of a new production function" and regarded it as the core driver of economic cycles and structural change ("creative destruction"). Freeman (1987)[27] advanced the concept of "endogenous innovation" emphasizing that innovation impetus stems from internal R&D investments and knowledge accumulation rather than external technology transfer. In the AI era, the innovation paradigm has fundamentally evolved. Neo-Schumpeterian systemic innovation theory argues that innovation has evolved from isolated individual activities into a collaborative process involving multiple actors, including firms, universities, and research institutions. Within this framework, technological breakthroughs emerge through the dynamic reconfiguration of resources within self-organizing innovation ecosystems [22][23].
This evolutionary process endows endogenous innovation in the AI era with a distinctive triadic structure comprising data, algorithms, and computing power. The resource-based view offers a strong theoretical foundation for this framework, arguing that AI technologies reshape competitive advantage through the strategic reconfiguration of these three core resources. Data constitute the fundamental resource base, autonomous algorithm optimization represents the central source of technological competitiveness, and iterative advances in computing power provide a resilient platform for continuous innovation[22]. The dynamic coupling and iterative optimization among these elements not only validate the "internal driver" tenet of endogenous innovation theory but also enable self-reinforcing, sustained evolution of innovation capabilities through positive feedback loops. The rapid advancement of AI enables firms to achieve intelligent services and capability upgrades through the seamless integration of algorithms, data, and computing power [28][29].
Building on this theoretical integration, this study argues that endogenous innovation in the AI era is shaped by both internal organizational dynamics and external environmental conditions. At the internal organizational level, building on Schumpeter (1934) [24] and Teece (2014) [30], entrepreneurial orientation and organizational innovation culture serve as key micro foundations of endogenous innovation. Entrepreneurship enables firms to keenly capture business opportunities brought by AI technology and lead the restructuring of production factors to achieve technological breakthroughs[31].Simultaneously, innovation culture functions as a core organizational capability that improves the efficiency of  knowledge creation and recombination by shaping shared cognitive frameworks, such as by fostering tolerance for experimentation and incentivizing knowledge restructuring, thereby sustaining endogenous innovation[32]. However, the innovation paradigm is shifting from individual-led to system wide collaboration in the age of AI [22], prompting a reevaluation of the individual entrepreneur's role as emphasized in classical Schumpeterian theory. Scholars argue that in complex technological systems, organizational mechanisms like innovation culture are more critical for sustaining innovation than individual traits[33]. Consequently, this study posits that internal drivers of endogenous innovation encompass both entrepreneurship (ET) and innovation culture (CL), and it further examines which of these two dimensions constitutes the more fundamental driving force in the context of AI-powered systemic innovation. Therefore, we propose the following hypotheses:
H1: Internal organizational factors have a positive impact on the endogenous innovation in Chinese Manufacturing firms.
H1.1: Entrepreneurship has a significant positive effect on the endogenous innovation performance of Chinese Manufacturing firms.
H1.2: Innovation culture has a positive impact on endogenous innovation of Chinese Manufacturing firms.
At the external environmental level, this study integrates Schumpeter’s theory of "creative destruction", which emphasizes the role of market competition in stimulating innovation, with institutional and developmental state perspectives that highlight the importance of government support. From this perspective, market competition and government support are identified as the two primary external drivers of endogenous innovation. Consistent with Schumpeterian theory, competitive market pressure motivates firms to pursue innovation as a strategic response to competition, enabling them to disrupt existing technologies and temporarily secure competitive advantages. Market competition thus acts as an external mechanism that compels firms to continuously upgrade technologies and reconfigure resources. In parallel, government support shapes the innovation environment by reducing uncertainty, alleviating financial constraints, and guiding technological development through policy instruments and regulatory frameworks. By providing institutional stability and strategic resources, government support enhances firms’ innovation incentives and capabilities, thereby reinforcing endogenous innovation processes. AI technologies (e.g., predictive analytics) significantly enhance firms' ability to perceive and respond to market signals and competitor behavior [34], which in turn drives endogenous innovation through dynamic capability reconfiguration. Concurrently, government support is critical for firms engaged in technological catch-up and infrastructure-intensive investment by reducing innovation costs, sharing risks, providing essential public goods, and guiding market demand [26][35][36].
The scholarly discourse on external drivers of corporate innovation has long been framed by a debate between market centric theories [37] and the developmental state perspective [38]. This study argues that in the context of AI as a general-purpose technology demanding substantial infrastructure, neither view alone offers a sufficient explanation. We propose that market competition (MC) and government support (GS) are not mutually exclusive but rather engage in a complementary relationship, termed here as a "dual-wheel drive." In this model, market pressures provide the direct impetus and directional cues for innovation, while government support establishes a foundational platform by mitigating risks, providing public goods, and guiding future demand. It is crucial to recognize that market competition and government support are not mutually exclusive forces. Informed by the theory of "institutional complementarity" from comparative political economy [39], the market and the state may operate in a complementary, rather than substitutive, fashion in advancing innovation in complex technologies like AI. The market exerts the selective pressure of "creative destruction" and generates vital efficiency signals, while the state enables the innovation process by providing public goods, mitigating uncertainties, and addressing systemic failures. Thus, we propose:
H2: External environmental factors have a positive impact on the endogenous innovation of Chinese manufacturing firms.
H2.1: Market competition has a positive impact on the endogenous innovation of Chinese Manufacturing firms.
H2.2: Government support has a positive impact on endogenous innovation in Chinese Manufacturing firms.
B. Endogenous Innovation and GVC Upgrading
GVC theory offers a systematic analytical framework for understanding industrial upgrading. According to the seminal work of Gereffi et al. (2005)[25], GVC upgrading encompasses four primary pathways: process upgrading (aimed at operational efficiency), product upgrading (focused on value addition), functional upgrading (involving shifts to higher-value activities), and inter-chain upgrading (transitioning to new value chains).
The contemporary AI era has introduced distinct characteristics and challenges to GVC upgrading. Algorithmic architectures and training data ecosystems are increasingly constituting core sources of competitive advantage  [13], [14], thereby exacerbating the "low-end lock-in" risk for firms in developing economies, which is manifested as insufficient control over core technologies and governance rights within value chains. Concurrently, the GVC model is accelerating industrial transformation, particularly in AI-intensive sectors such as autonomous manufacturing and predictive maintenance [6][7][8]. This dynamic not only facilitates international technology diffusion but also creates significant opportunities for technological capability building in developing economies [9] [10][11].
Within this context, endogenous innovation, achieved through sustained R&D investment and technological capability accumulation [40], emerges as a critical pathway to break the low-end lock-in. Integrating the resource-based view with GVC governance theory reveals how AI-driven endogenous innovation enables multidimensional upgrading: optimizing production processes through intelligent scheduling systems (e.g., Siemens MindSphere), accelerating product iteration via generative AI tools (e.g., Autodesk Generative Design), and extending into R&D and service-oriented solutions using knowledge graphs (e.g., IBM Watson) [21]. It is crucial to note that modern GVCs have evolved into comprehensive cross-border networks spanning from R&D and smart manufacturing to end-market distribution [13][41].
A fundamental aspect of GVC upgrading concerns the heterogeneous nature of different upgrading pathways. Building on the "upgrading ladder" theory [42], firms typically follow a progressive trajectory from process to product upgrading before attempting functional upgrading, which often requires overcoming the governance barriers established by lead firms [43]. This theoretical foundation leads us to posit a core proposition: The driving effects of endogenous innovation will demonstrate significant asymmetries, exerting stronger influences on process and product upgrading than on functional upgrading. This proposition forms the theoretical basis for our "graduated upgrading ladder" hypothesis. Therefore, we propose the following research hypotheses:
H3: Endogenous innovation has a positive impact on GVC upgrading.
H3.1: Endogenous innovation has a positive impact on process upgrading.
[bookmark: OLE_LINK25]H3.2: Endogenous innovation has a positive impact on product upgrading.
H3.3: Endogenous innovation has a positive impact on functional upgrading.
C. The Moderating Role of Absorptive Capacity
[bookmark: OLE_LINK14][bookmark: OLE_LINK24]Absorptive capacity theory [44] states that a firm's ability to recognize, assimilate, and apply new external knowledge is crucial for innovation. This concept is closely linked to dynamic capability theory, representing a core dynamic capability enabling firms to navigate Schumpeterian dynamic environments. In the context of GVC upgrading, absorptive capacity plays a bridging role, transforming external knowledge into internal innovation and competitiveness. The full life cycle management of AI, encompassing data management, model training, validation, and deployment, requires robust endogenous innovation capabilities. These capabilities are reflected not only at the technical level but also in an enterprise's ability to ensure AI service quality and manage resource orchestration [45].
This study posits that firms' absorptive capacity strengthens the relationship between endogenous innovation and GVC upgrading. Strong absorptive capacity enables firms to more effectively identify and utilize knowledge spillovers within GVCs, combine external technologies with internal innovation outcomes, and more efficiently achieve process optimization, product performance enhancement, and even leapfrogging into higher-value functions. Harada (2018)[46] confirmed the fundamental role of absorptive capacity in the endogenous innovation-upgrading pathway, while Zhao et al.'s (2023)[47] empirical evidence clarified its key moderating role in the innovation-upgrading relationship. 
Conceptually, it is important to distinguish endogenous innovation, absorptive capacity, and GVC upgrading. Endogenous innovation refers to internally generated technological advances (e.g., new processes, products, or architectures) that emerge from the firm’s own R&D and engineering problem-solving, including AI-enabled innovation. By contrast, absorptive capacity is a learning-oriented dynamic capability—the ability to identify, acquire, assimilate, transform, and exploit external knowledge—that determines how effectively such innovation outputs are integrated into routines, diffused across units, and combined with complementary external resources. GVC upgrading  (process, product, and functional upgrading) capture positional and value-added improvements in the value chain, rather than the innovation capability itself. Therefore, absorptive capacity is theorized as a moderating boundary condition (rather than a direct antecedent): higher absorptive capacity amplifies the extent to which endogenous innovation translates into upgrading, especially when coordination demands, governance power, and institutional constraints shape the realization of innovation benefits. Therefore, we propose:
H4: Absorptive capacity positively regulates the relationship between endogenous innovation and GVC upgrading.
H4.1: Absorptive capacity positively regulates the relationship between endogenous innovation and process upgrading.
H4.2: Absorptive capacity positively regulates the relationship between endogenous innovation and product upgrading.
H4.3: Absorptive capacity positively regulates the relationship between endogenous innovation and functional upgrading.
Ⅲ. RESEARCH DESIGN AND METHODOLOGY
To ensure analytical rigor and result reliability, this study adopts a multi-stage empirical strategy. First, measurement reliability and validity are assessed through exploratory and confirmatory factor analyses. Second, structural equation modeling (SEM) is employed to test the hypothesized relationships among latent constructs. Third, robustness is examined through multi-group analysis with formal measurement invariance testing to validate the stability of results across different levels of absorptive capacity. This layered design enhances both internal validity and generalizability.
A. Questionnaire design and variable measurement
Based on the hypotheses developed above, this study adopts a large-sample empirical approach to test the proposed relationships. Given the study’s focus on manufacturing firms and the limited availability of publicly accessible quantitative data for the key constructs, we primarily rely on a questionnaire survey to examine the proposed relationships. The questionnaire was developed through the following steps: Defining the research objectives; identifying and selecting appropriate measurement scales; conducting forward and backward translation; drafting the questionnaire; pilot testing and refining the items; and finally administering the formal survey. This study focuses on examining the impact mechanism of endogenous innovation (EI) on GVC upgrading of Chinese manufacturing firms. The research framework includes nine core variables, including internal organizational elements such as entrepreneurship (ET) and innovation culture (CL), external environmental factors such as market competition (MC) and government support (GS), and absorptive capacity as moderating variables.
EI is measured through indicators including R&D investment intensity, number of core patents, new product development success rate, and technology commercialization efficiency. GVC upgrading is assessed across three dimensions: Process Upgrading (PRU), indicated by improvements in production efficiency, cost optimization, quality control, and flexible manufacturing capabilities; Product Upgrading (PU), reflected in increased technical complexity, faster new product iteration, higher value-added rates, and expanded influence of proprietary brands; and Functional Upgrading (FU), measured by extension into R&D design or brand marketing, an increased share of value chain profits, and deeper involvement in setting core industry standards.
Each latent variable was operationalized using 3 to 4 observational indicators (28 items in total). Drawing on established literature, all survey items were measured on a five-point Likert scale. These items were derived directly from the operational definitions of their respective constructs, with their relevance and coverage of the theoretical domain strengthened through citations from prior studies to ensure content validity. The complete set of measurement items is presented in Table I.
TABLE  Ⅰ     MEASUREMENT      ITEMS
	Entrepreneurship (ET)
	ET1
	Managers lead the restructuring of production factors to achieve technological breakthroughs
	Nambisan et al, 2019[31];Crespi & Zuniga, 2012[49]

	
	ET2
	The executive team supports high-risk innovation projects
	

	
	ET3
	Managers are keenly aware of AI technology business opportunities
	

	Innovation Culture
(CL)
	CL1
	firms establish a trial and error tolerance mechanism
	Cheng & Chen, 2024[32]

	
	CL2
	Cross-departmental knowledge sharing activity
	

	
	CL3
	Employee innovation proposal adoption mechanism
	

	Market Competition (MC)
	MC1
	Product/technology update iteration speed
	Bonvino & Giorgino, 2024[34]

	
	MC2
	Number of major competitors
	

	
	MC3
	Market share volatility
	

	Government Support
(GS)
	GS1
	Obtain AI/smart manufacturing-related R&D subsidies or tax breaks
	Zhang et al., 2023[36]; Cockburn et al., 2023[50]

	
	GS2
	Participation in government-led technology platforms or projects
	

	
	GS3
	Satisfaction with local AI/Industry upgrading policies
	

	
	GS4
	Policy financing convenience
	

	Endogenous Innovation
(El)
	EI1
	R&D investment as a percentage of revenue over the past three years
	Zhou et al., 2017[40]

	
	EI2
	The number of independent core patents
	

	
	EI3
	Success rate of new product/new technology development
	

	
	EI4
	Technology commercialization efficiency
	

	GVC
Upgrading
	Process Upgrading (PRU)
	

	
	PRU1
	The production technology has been improved
	Agostino et al., 2020[41]

	
	PRU2
	The production management system has been improved
	

	
	PRU3
	Production efficiency has been significantly improved
	

	
	Product Upgrading (PU)
	

	
	PU1
	The technical complexity of products has increased
	Blanchard et al., 2025[51]

	
	PU2
	New product speed to market
	

	
	PU3
	The influence of independent brands ha s been enhanced
	

	
	Functional Upgrading (FU)
	

	
	FU1
	From manufacturing to R&D and design
	Thakur & Sharma, 2025[3]

	
	FU2
	The profit share of the value chain has increased
	

	
	FU3
	Participation in the formulation of core standards
	

	Absorptive Capacity
(AC)
	AC1
	Ability to identify external new technologies/knowledge
	Harada, 2018[46];Zhao et al, 2023[47]

	
	AC2
	Digest the speed of understanding external knowledge
	

	
	AC3
	Efficiency in integrating external knowledge into internal innovation
	



B. Data collection
Data were collected through two complementary channels to ensure both quality and broad coverage. The research team distributed questionnaires directly to eligible manufacturing executives via interviews and professional networks. In parallel, an established professional survey firm administered the questionnaire to reduce potential sampling bias, strengthen quality assurance, and expand participation across industries. Before the main rollout, the instrument was pilot-tested with a small group to evaluate clarity, refine the wording, and confirm its suitability for the study.
Initial data collection began in January 2024 and lasted approximately two weeks. To strengthen the generalizability and robustness of the findings, a supplementary data-collection phase was conducted in February 2024. This follow-up survey lasted about one month and used procedures consistent with the initial round to ensure data quality and comparability. In total, 400 questionnaires were distributed, yielding a response rate of 57.7%. After excluding incomplete or inattentive responses, 287 valid questionnaires were retained for analysis. This sample size is sufficient for preliminary analyses, consistent with commonly used guidelines regarding the ratio of measurement items to valid observations[52] [53]. To address potential biases associated with the survey methodology, we followed the approach outlined by Ellinger et al. (2008)[54] to examine non-response bias. This involved comparing responses across subsets of early participants (comprising the first quartile), late participants (the last quartile), and non-respondents. The results showed that for all questions, the p-values exceeded 0.05, with statistical significance set at p < 0.05, indicating no statistically significant differences in responses among early, late, and non-responding participants. 
The sample consists of Chinese manufacturing firms drawn from major industrial clusters. The Yangtze River Delta (centered on Shanghai, Jiangsu, and Zhejiang) is a highly concentrated cluster for high-tech and advanced manufacturing, including electronic information, high-end equipment, biomedicine, and new materials, supported by an active innovation ecosystem and a high degree of internationalization. The Pearl River Delta (anchored by Shenzhen, Guangzhou, and Dongguan in Guangdong) is a leading global manufacturing base for consumer electronics, household appliances, and telecommunications equipment, known for dense supply-chain networks, an export-oriented economy, and operational flexibility. The Jing-Jin-Ji (Beijing-Tianjin-Hebei) region benefits from the capital’s technological resources and policy support and has developed strong capabilities in aerospace, next-generation information technology, new energy, and intelligent connected vehicles. It also hosts a high concentration of research institutions. As a key region for Chinese manufacturing, Shandong Province has a broad industrial base, with pronounced strengths in chemicals, equipment manufacturing (including construction and agricultural machinery), home appliances, and textiles and apparel Detailed characteristics of the sample are reported in Table II.
[bookmark: OLE_LINK27]TABLE  Ⅱ   SAMPLE   CHARACTERISTICS
	Feature Category
	Grouping
	Samples (N)
	Percent (%)

	Gender
	Male
	164
	57.00%

	
	Female
	123
	43.00%

	Age
	30 below
	146
	50.90%

	
	30-39
	113
	39.40%

	
	40-49
	15
	5.20%

	
	50 above
	13
	4.50%

	​Department
	Production Department
	35
	12.20%

	
	Administrative Department
	55
	19.20%

	
	Marketing Department
	69
	24.00%

	
	R&D Department
	90
	31.40%

	
	Other
	38
	13.20%

	Rank
	Senior Manager
	87
	30.30%

	
	Intermediate Manager
	96
	33.50%

	
	Junior Manager
	48
	16.70%

	
	Ordinary Employees
	56
	19.50%

	​Education
	PHD Degree
	55
	19.20%

	
	Master Degree
	99
	34.40%

	
	Bachelor Degree
	98
	34.10%

	
	Other
	35
	12.20%

	Location​
	ShanDong
	85
	29.60%

	
	Pearl River Delta
	67
	23.30%

	
	Yangtze River Delta
	52
	18.10%

	
	Jingjinji
	48
	16.70%

	
	Other
	35
	12.30%

	Scale
(Number of employees)
	100below
	58
	20.20%

	
	100-200
	62
	21.60%

	
	200-500
	40
	14.00%

	
	500-1000
	19
	6.60%

	
	1000above
	108
	37.60%


C. Data analysis method
The reliability and validity of the study model were validated using SPSS 26.0, and the Varimax factor rotation method for principal component analysis was used for exploratory factor analysis. Confirmatory factor analysis was performed using AMOS 26.0 to evaluate the applicability of the research theory to the measurement model. The structural relationship between the main factors was analyzed using the structural equation model method. The study model is shown in Fig. 1.
Fig. 1.  Conceptual Framework 
[image: Research Model]

[bookmark: OLE_LINK64][bookmark: OLE_LINK10][bookmark: OLE_LINK6]Ⅳ. DATA ANALYSIS AND RESULTS
A. Reliability and factor analysis
To ensure the reliability and validity of the measurement scales, a series of statistical analyses were performed. Measurement scale reliability was confirmed via Cronbach's α, with all constructs exceeding the recommended threshold of 0.70. Structural equation modeling analyzed construct relationships. Exploratory factor analysis preceded SEM to validate the conceptual framework, revealing a robust simple structure (TABLE III). All items aligned with theoretical constructs, establishing a foundation for SEM.
[bookmark: OLE_LINK26]TABLE  Ⅲ   RELIABILITY    AND   EXPLORATORY   FACTOR   ANALYSIS
	
	
	
	

	
	
	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11

	Entrepreneurship
	ET1
	0.830
	.717
	.083
	.325
	.063
	-.094
	.021
	.353
	-.065
	.130
	.039
	-.138

	
	ET2
	
	.652
	.285
	.334
	.317
	.107
	.143
	.109
	.160
	.251
	.129
	.099

	
	ET3
	
	.633
	.355
	.096
	.341
	.244
	.049
	.143
	.088
	.151
	.205
	.182

	Innovation Culture
	CL1
	0.817
	.187
	.574
	.334
	.317
	.107
	.143
	.125
	.133
	.189
	.023
	.188

	
	CL2
	
	.258
	.630
	.096
	.341
	.244
	.049
	.255
	.040
	.060
	-.061
	.024

	
	CL3
	
	.325
	.617
	.167
	.273
	.176
	.100
	.261
	.269
	.026
	-.138
	.145

	Market Competition
	MC1
	0.775
	.018
	.156
	.714
	.388
	.093
	.215
	-.080
	.095
	-.076
	-.084
	.097

	
	MC2
	
	.249
	.016
	.636
	.156
	.183
	.209
	-.123
	.085
	.307
	.245
	.077

	
	MC3
	
	.226
	.482
	.742
	.080
	.093
	.338
	-.081
	.069
	-.177
	-.212
	.026

	Government Support
	GS1
	0.789
	.056
	.298
	.069
	.689
	.134
	.095
	-.123
	.061
	.069
	.075
	-.146

	
	GS2
	
	.195
	.122
	.200
	.668
	.184
	.180
	.133
	.061
	.069
	.075
	-.146

	
	GS3
	
	.298
	.129
	.166
	.558
	.172
	.047
	.129
	-.404
	.072
	.159
	.244

	Endogenous Innovation
	EI1
	0.885
	.231
	.180
	.178
	.071
	.126
	.167
	.732
	.095
	.031
	.072
	.047

	
	EI2
	
	.180
	.058
	.123
	.064
	.175
	.136
	.680
	.081
	.202
	.180
	.107

	
	EI3
	
	.241
	.265
	.114
	.035
	.326
	.042
	.529
	.037
	.269
	.042
	.136

	
	EI4
	
	.043
	.121
	.037
	-.191
	.084
	.106
	.531
	.298
	.170
	.063
	.222

	Process Upgrading
	PRU1
	0.857
	.081
	.183
	.303
	.281
	.177
	.047
	.064
	.534
	.123
	.099
	.144

	
	PRU2
	
	.361
	.050
	.133
	.227
	.106
	.343
	.024
	.631
	.090
	.145
	.200

	
	PRU3
	
	.325
	.173
	.040
	.196
	.158
	.141
	.214
	.732
	.194
	.188
	.106

	Product Upgrading
	PU1
	0.825
	.372
	.176
	.268
	.133
	.125
	.211
	.050
	.129
	.640
	.130
	.108

	
	PU2
	
	.340
	.342
	-.029
	.080
	.201
	.260
	.214
	.040
	.732
	.145
	.176

	
	PU3
	
	.109
	.205
	.239
	.100
	.261
	.040
	.060
	-.061
	.603
	.188
	.088

	Functional Upgrading
	FU1
	0.824
	.177
	.130
	.069
	.031
	.084
	.035
	.031
	.192
	.267
	723
	.171

	
	FU2
	
	.252
	.181
	.114
	.077
	.021
	.107
	.077
	.202
	.115
	.694
	.123

	
	FU3
	
	.109
	.108
	.126
	.195
	.332
	.037
	.106
	.298
	.091
	.811
	.092

	Absorptive Capacity
	AC1
	0.834
	.129
	.022
	.281
	.022
	.461
	.461
	.055
	.237
	.341
	.268
	.079

	
	AC2
	
	.426
	.576
	.146
	.309
	.233
	-.060
	-.032
	.241
	-.318
	-.027
	.751

	
	AC3
	
	.629
	.183
	.268
	.391
	.076
	-.233
	.043
	-.197
	.027
	..021
	.776

	
	Kalser-Meyer-Olkin: 0.913
Barlett: approximate chi-square: 14248.084; Degrees of freedom: 1,128; Significant probability: 0.000


B. Confirmatory Factor Analysis
Following the exploratory analysis, Confirmatory Factor Analysis (CFA) was conducted using AMOS 26.0 to assess the measurement model's fit and validity. Following measurement item purification, the refined model demonstrates strong suitability for structural equation modeling. As presented in TABLE IV, CFA results indicate: (1) All non-standardized coefficients exhibit statistical significance (T≥∣1.96∣, p<0.05); (2) Standardized factor loadings are positive and significant (p<0.01), confirming convergent validity; (3) Squared multiple correlations (SMC) support robust item reliability; (4) Goodness-of-fit indices meet established thresholds, indicating satisfactory model-data alignment. Fit indices exceed recommended thresholds, further validating the measurement structure.
TABLE  Ⅳ   CONFIRMATORY   FACTOR   ANALYSIS
	Factor
	Non-Standardization
	Standardization
	Standard error
	t
	p
	SMC

	ET1
	1.000
	.868
	---
	---
	---
	0.605

	ET2
	0.806
	.713
	.065
	12.448
	***
	0.493

	ET3
	0.783
	.702
	.055
	11.703
	***
	0.507

	CL1
	1.176
	.718
	.092
	8.703
	***
	0.613

	CL2
	1.137
	.678
	.097
	10.125
	***
	0.518

	CL3
	1.000
	.774
	---
	---
	---
	0.471

	MC1
	1.000
	.707
	---
	---
	---
	0.638

	MC2
	1.167
	.723
	.103
	8.026
	***
	0.721

	MC3
	0.895
	.615
	.095
	9.435
	***
	0.534

	GS1
	1.000
	.836
	---
	---
	___
	0.612

	GS2
	1.001
	.704
	.091
	10.361
	***
	0.398

	GS3
	0.933
	.684
	.094
	8.857
	***
	0.414

	EI1
	1.000
	.701
	---
	---
	----
	0.447

	EI2
	0.958
	.657
	.061
	8.090
	***
	0.528

	EI3
	0.824
	.723
	.072
	9.367
	***
	0.511

	EI4
	0.835
	.790
	.091
	12.012
	***
	0.556

	PRU1
	1.000
	.745
	---
	---
	---
	0.467

	PRU2
	1.100
	.723
	.101
	11.689
	***
	0.617

	PRU3
	0.903
	.765
	.098
	10.124
	***
	0.566

	PU1
	1.013
	.754
	.121
	12.301
	***
	0.489

	PU2
	1.151
	.621
	.078
	11.034
	***
	0.524

	PU3
	1.000
	.677
	---
	---
	---
	0.657

	FU1
	0.835
	.703
	.090
	10.234
	***
	0.485

	FU2
	0.976
	.509
	.102
	11.367
	***
	0.446

	FU3
	1.000
	.652
	---
	---
	---
	0.502

	
	x2(CMIN)/DF
	1≤x2/DF≤2
	1.560

	
	RMSEA
	≤0.05
	0.024

	
	RMR
	≤0.05
	0.045

	
	CFI
	≥0.9
	0.901

	
	IFI
	≥0.9
	0.921

	
	TLI
	≥0.9
	0.952















C. Correlation analysis
The reliability and validity of the constructs were assessed. Composite Reliability (CR) values all exceeded 0.70, indicating adequate reliability. Convergent validity was supported as all Average Variance Extracted (AVE) values were above the 0.50 threshold. Furthermore, discriminant validity was confirmed per the Fornell-Larcker criterion: The square root of each construct's AVE was greater than its correlations with other constructs. Specifically, the maximum shared variance (0.320 between PRU and FU) was below the smallest AVE (0.506), thereby confirming construct distinctiveness (Table V).
TABLE  Ⅴ   CORRELATION   TEST
	Factor
	ET
	Cl
	MC
	GS
	R&D
	ICT
	EI
	PU
	PRU
	FU

	ET
	1
	
	
	
	
	
	
	
	
	

	CL
	0.45**
	1
	
	
	
	
	
	
	
	

	MC
	0.35**
	0.461**
	1
	
	
	
	
	
	
	

	GS
	0.35**
	0.310**
	0.291**
	1
	
	
	
	
	
	

	EI
	0.234**
	0.340**
	0.322**
	0.387**
	0.420**
	0.322**
	1
	
	
	

	PU
	0.367**
	0.318**
	0.317**
	0.364**
	0.409**
	0.318**
	0.453**
	1
	
	

	PRU
	0.521**
	0.395**
	0.318**
	0.412**
	0.409**
	0.376**
	0.466**
	0.489**
	1
	

	FU
	0.477**
	0.433**
	0.345**
	0.464**
	0.498**
	0.380**
	0.453**
	0.478**
	0.566**
	1

	CR
	0.948
	0.743
	0.831
	0.789
	0.849
	0.737
	0.746
	0.743
	0.778
	0.831

	AVE
	0.683
	0.590
	0.563
	0.695
	0.635
	0.576
	0.619
	0.628
	0.506
	0.578


**significant at level 0.01
D. SEM Model 
Structural Equation Modeling was employed as the core analytical tool to test the hypothesized relationships. The measurement model demonstrated excellent fit (χ²/DF=1.114; IFI=0.920; TLI=0.906; CFI=0.918; RMSEA=0.071), satisfying all recommended thresholds. Path analysis results are presented in TABLE VI. The empirical analysis yielded the following key findings. While internal organizational culture demonstrated a significant positive impact on endogenous innovation, the hypothesized positive effect of entrepreneurship was not supported. Both market competition and government support exerted significant positive effects on endogenous innovation. Crucially, endogenous innovation in Chinese manufacturing firms exhibited a significant positive impact on GVC upgrading. This effect was robust and observed across all measured dimensions, including process upgrading, product upgrading, and functional upgrading.
TABLE   Ⅵ      HYPOTHESIS   TESTING   RESULTS
	Hypothesis
	Relationship Between Variables
	Standardized Regression Coefficients

	H1.1
	ET-EI
	-0.125

	H1.2
	CL-EI
	0.702**

	H2.1
	MC-EI
	0.165**

	H2.2
	GS-EI
	0.261**

	H3.1
	EI-PU
	0.488**

	H3.2
	EI-PRU
	0.417**

	H3.3
	EI-FU
	0.228**

	Model   Fits
	Recommended Value
	Goodness-of-fit Index

	CMIN/DF
	2.0 or less
	1.114

	IFI
	0.9 or more
	0.920

	TLI
	0.9 or more
	0.906

	CFI
	0.9 or more
	0.918

	RMSEA
	0.05-0.08
	0.071


**significant at level 0.01
E. Moderating effect of absorption capacity
To examine the moderating role of absorptive capacity (AC), a multi-group analysis was performed. To present the relationships between endogenous innovation (EI) and the dependent variables (GVC upgrading), the sample was stratified into high-AC (N=144) and low-AC (N=143) groups based on the median score of the AC scale. We utilized the corresponding sample t verification to test whether there is a difference between the high and low groups. To assess the difference between the high and low absorptive capacity groups, we conducted an independent samples t-test. As presented in Table VII, the result indicates a statistically significant difference between the groups (T=36.800, p<0.001). Subsequently, measurement invariance was assessed prior to multi-group analysis. Table VIII reports chi-square values of χ²=1685.325 for the unconstrained model and χ²=1703.899 for the constrained model. The significant difference between models (Δχ²=18.574, p<0.05) establishes partial metric invariance, enabling valid group comparisons. Finally, multi-group path analysis compared coefficients across the established high/low absorptive capacity models. This analysis precisely identifies where significant moderating effects occur in the structural paths. According to the results in Table IX, absorptive capacity moderates the links between corporate endogenous innovation and GVC upgrading, process upgrading, and product upgrading. On other hand, it is found that the absorptive capacity of firms does not have a controlling effect between functional enhancements in the GVC.
This study demonstrates that absorptive capacity within Chinese manufacturing firms acts as a significant positive moderator, enhancing the impact of endogenous innovation on process upgrading and product upgrading. This underscores AC's critical function in facilitating organizational knowledge creation and serving as a source of competitive advantage. Consequently, firms should prioritize developing AC, potentially by strengthening external collaboration, to improve their ability to assimilate and transform novel technologies and knowledge, thereby accelerating enterprise innovation and development within GVC.
TABLE  Ⅶ   T-VALUE   VERIFICATION   OF   DIFFERENCES    BETWEEN    THE   HIGH    AND   LOW   GROUPS
	Group
	Average
	Standard Deviation
	t
	Degrees of Freedom
	p

	High-group
	4.2340
	0.29030
	
	
	

	Low-group
	3.3973
	0.38051
	
	
	

	Difference
(Test Result)
	
	
	36.800
	197
	0.000


[bookmark: OLE_LINK15][bookmark: OLE_LINK16][bookmark: OLE_LINK17]TABLE  Ⅷ   MULTI-GROUP    ANALYSIS   OF   THE   MODERATING   VARIABLES
	Statistic
	Unconstrained Model
	Constrained Model

	x2
	1685.325
	1703.899

	Δχ²
	
	18.574

	p
	
	0.000


TABLE  Ⅸ   HYPOTHESIS   TESTING   OF   MODERATING   VARIABLES
	Hypothesis
	High-group
	Low-group

	
	Coefficient
	p
	Coefficient
	p

	H5-1
	EI-PU
	0.141
	***
	0.133
	***

	H5-2
	EI-PRU
	0,864
	***
	0.708
	***

	H5-3
	EI-FU
	0.128
	0.534
	0.067
	0.688


Notes: *p < 0.1, **p < 0.05, ***p < 0.01
F. Robustness Test
To verify the robustness of the research findings, particularly the moderating effect of AC, this study conducted a multi-group analysis. First, using the median score of the AC scale as the cutoff, the total sample (N=287) was divided into a high absorptive capacity group (N=144) and a low absorptive capacity group (N=143). Second, prior to comparing path coefficients across groups, a measurement invariance test was performed, which is a prerequisite for ensuring the validity of inter-group comparisons. The results reveal a statistically significant difference in the chi-square values between the constrained and unconstrained models (Δχ²=18.574, p<0.05), demonstrating that the model exhibits partial metric invariance across groups, thus permitting further comparison of path coefficients. Finally, the structural equation models for the high and low groups were estimated separately, and the key path coefficients were compared (Table VIII). The analysis shows that the moderating effect of AC is robust for the paths from Endogenous Innovation to both Process Upgrading and Product Upgrading. In contrast, its effect on the path to Functional Upgrading is non-significant. This consistent pattern across groups strengthens confidence in this study.
Ⅴ. DISCUSSION
A. [bookmark: OLE_LINK12]Theoretical Contributions	
[bookmark: OLE_LINK7][bookmark: OLE_LINK11]First, this study validates and extends classical theories of innovation drivers by demonstrating the dominant role of organizational culture. The findings confirm the core proposition of dynamic capability theory [55], suggesting that organizational cultural capital, especially an innovation-oriented culture, serves as an important micro-foundation for endogenous innovation. However, contrasting with the classical Schumpeterian paradigm [24] that emphasizes individual entrepreneurial spirit, this study finds that the effect of entrepreneurship in driving innovation is not significant under centralized executive power structures. This provides new contextualized evidence supporting the argument that technological change dilutes individual agency[33], suggesting that organizational mechanisms may play a more stable role than individual traits in the complex context of AI application. Simultaneously, this study refines absorptive capacity theory [44] by demonstrating that, while absorptive capacity significantly amplifies the positive impact of endogenous innovation on both process and product upgrading, an "absorptive capacity ceiling" exists at the level of functional upgrading. This finding challenges the traditional assumption that absorptive capacity exerts a uniformly linear effect across all forms of innovation. 
[bookmark: OLE_LINK29]Second, this study identifies a distinctive form of institutional complementarity underlying AI-driven innovation in emerging economies. Institutional complementarity describes a dynamic in which distinct institutional logics, specifically market mechanisms and state intervention, interact in mutually reinforcing ways and enable organizations to achieve outcomes that would be difficult to realize under a single institutional logic alone.[39]. Within the context of our study, this manifests concretely as a 'dual-wheel drive' effect arising from market competition and government support: Market competition provides continuous external incentives and directional signals for firms to pursue AI innovation, while government support offers indispensable guarantees, including resource provision, risk-sharing, and institutional guidance, for undertaking high-risk, long-cycle, native AI innovation. These two forces do not merely operate in parallel; they interact to form a synergistic ecosystem. The observed 'dual-wheel drive' effect and its underlying institutional complementarity mechanism demonstrate that, in the context of AI as a general-purpose technology, neither Porter's market focus view nor Rodrik's developmental state framework alone can adequately explain the innovation dynamics within Chinese manufacturing. The complementarity framework developed in this study therefore offers a more comprehensive theoretical explanation for innovation ecosystems in emerging economies. 
Third, this study reframes the understanding of GVC upgrading trajectories by proposing a "graduated upgrading ladder" model. This model is predicated on our core finding that while endogenous innovation exerts a strong and direct driving force on process and product upgrading, its effect on functional upgrading is comparatively weaker. Simultaneously, while a firm's absorptive capacity significantly enhances the first two types of upgrading, it fails to assist in overcoming the bottleneck for functional upgrading. These findings elucidate that a firm's ascent within the GVC is not a uniform linear progression, but rather a pathway characterized by an inherent sequence and varying difficulty thresholds. Consequently, this study defines the graduated upgrading ladder model as a framework that delineates the typical pathway through which firms achieve GVC upgrading via endogenous innovation. This pathway represents a progressive sequence of increasing complexity, beginning with the relatively accessible stage of process upgrading, advancing to the more technologically demanding stage of product upgrading, and culminating in functional upgrading, which requires firms to overcome intertwined technological and institutional barriers.
B. Managerial Implications
First, Chinese manufacturing firms must confront the structural suppression of innovation vitality arising from executive centralization, as evidenced by the statistically insignificant effect of entrepreneurship on endogenous innovation in Hypothesis 1.1. In parallel, process upgrading remains constrained by technical efficiency bottlenecks. Although endogenous innovation significantly promotes process upgrading, as validated in Hypothesis 3.1, its effectiveness critically depends on the reinforcement of absorptive capacity, as demonstrated in Hypothesis 4.1. More fundamentally, functional upgrading faces a systemic dilemma characterized by the decoupling of technological capability and value chain governance power. As empirically established in Section V.A, technological autonomy alone does not automatically translate into governance rights within global value chains. To address these challenges, a phased GVC upgrading strategy is required. In the short term, firms should deploy AI-enabled production optimization systems such as digital twin based intelligent scheduling to achieve immediate efficiency gains. In the medium term, the establishment of cross-departmental agile innovation units can facilitate the development of high value-added products, thereby compensating for the limited effectiveness of individual entrepreneurial drive mechanisms. In the long term, sustained collaboration with research institutions is required to overcome foundational technological barriers. As illustrated by Huawei’s Ascend chip development, which reduced dependence on electronic design automation tools, such collaboration can enable firms to transition toward intelligent solution providers, capture value chain governance rights, and mitigate the absorptive capacity ceiling effect identified in Hypothesis 4.3. This framework substantively challenges the Schumpeterian paradigm’s overemphasis on entrepreneurship and simultaneously confirms the central role of organizational cultural capital within dynamic capability theory, as empirically supported by the significant positive effect of innovation culture identified in Hypothesis 1.2. 
Second, effective policy design must address three interconnected structural contradictions. The first concerns market competition distortions arising from multinational algorithmic and standard-setting monopolies, exemplified by Siemens MindSphere’s dominance in smart factory specifications. The second involves critical technological vulnerabilities, with UNCTAD data indicating that more than 70% of foundational technologies remain externally dependent. The third relates to institutional constraints that have locked China’s manufacturing sector into a low position within global value chains, as reflected by a GVC position index below 0.3. Resolving these tensions requires the construction of a dual-wheel innovation ecosystem that integrates market competition with active state intervention. The competition dimension necessitates lowering innovation barriers for small and medium-sized firms (SMEs) through open industrial data platforms like Chinese National Industrial Internet Big Data Center while strengthening antitrust oversight, an approach empirically validated by Hypothesis 2.1 confirming competition's forcing effect on innovation. Government support mechanisms should implement hybrid supply-side R&D subsidies targeting choke points including EDA tools and GPUs alongside demand-side procurement policies prioritizing domestic AI products, with the 2019 technology sanctions against Huawei underscoring strategic urgency while Hypothesis 2.2 confirms policy efficacy. Institutional innovation must establish regulatory sandboxes for high-risk technologies such as Shenzhen's autonomous driving pilot zone while promoting international adoption of domestic standards. This integrated system fundamentally revises Porter's market-centric competitiveness theory by empirically demonstrating institutional complementarity between policy and market forces as revealed through the synergistic significance of Hypotheses 2.1 and 2.2. 
Third, cross-sector consortia must collectively break the triple lock -in mechanism: Technological dependency lock-in manifested through over 70% high-end chip import reliance; OEM model lock-in perpetuating the technology import-low-end processing-innovation deficit vicious cycle; and innovation absence lock-in evidenced by absorptive capacity's regulatory failure for functional upgrading in Hypothesis 4.3. The breakthrough pathway operates through three coordinated dimensions: Technologically, forming innovation alliances to pool resources as demonstrated by the Chinese Academy of Sciences Huawei Ascend computing platform partnership operationalizes Bodrožić and Adler's multi-agent systemic innovation theory. Governance initiatives require leading international standard setting for emerging architectures like 6G communication-computing-data integration to capture rule making authority within Gereffi's GVC governance framework. Capability development requires the establishment of specialized AI institutes to cultivate talent through embedded curricula, along with the implementation of diagnostic systems to enhance knowledge conversion efficiency. This integrated approach explicitly recognizes the boundary conditions of absorptive capacity in enabling process and product upgrading, as delineated in Hypotheses 4.1 and 4.2.
Ⅵ . CONCLUSION
A. Research Rigor and Validity
The conclusions of this study are grounded in a methodologically rigorous approach designed to ensure the validity and reliability. Several key steps were implemented to achieve a high level of research rigor. First, the measurement model was constructed using well established scales from prior literature and refined through a pilot test, ensuring content validity. Second, a dual-channel data collection strategy was employed, involving both the research team and a professional service. This approach improved the quality and representativeness of the sample while mitigating potential source bias. Third, the application of SEM was validated by a comprehensive set of tests: The measurement model demonstrated strong reliability (all Cronbach's α>0.7), convergent validity (Average Variance Extracted, AVE>0.5 for all constructs), and discriminant validity as confirmed by the Fornell-Larcker criterion. The overall model fit indices (CFI=0.918, RMSEA=0.071) all met or exceeded recommended thresholds, indicating a good fit between the model and the data. Finally, and crucially, the robustness of the core finding regarding the moderating role of absorptive capacity was rigorously tested. This was achieved through a multi-group analysis, a recognized method for testing robustness and moderating effects. The sample was split into groups with high and low absorptive capacity. Measurement invariance was confirmed through testing, which allowed for a valid comparison of path coefficients across groups. The significant differences in key paths across groups (e.g., between endogenous innovation and process upgrading) robustly confirm the moderating effect, thereby greatly enhancing the credibility of our conclusions.
B. Main findings
[bookmark: OLE_LINK21]This study focuses on how Chinese manufacturing firms can overcome the "low-end lock-in" dilemma in GVCs through AI driven endogenous innovation. The empirical results reveal several key findings that deviate from conventional expectations and provide novel theoretical and managerial insights.
First, we identify a structural shift in the internal drivers of innovation. Contrary to the classical Schumpeterian emphasis on individual entrepreneurship, our findings indicate that innovation culture, rather than entrepreneurship, constitutes the primary internal driver of endogenous innovation. This result is supported by the structural equation modeling analysis, which shows that innovation culture (CL) exerts a strong and statistically significant positive effect on endogenous innovation, whereas entrepreneurship (ET) has no significant impact. These findings suggest that, in the context of AI-driven systemic innovation, organizational mechanisms and shared cognitive frameworks provide a more stable and effective impetus for innovation than reliance on top-down entrepreneurial leadership, particularly under conditions of executive centralization that characterize many firms in our sample. Second, this study shows that AI-enabled endogenous innovation significantly promotes upgrading in GVCs, although the magnitude of this effect differs across upgrading dimensions. Specifically, endogenous innovation exerts a strong and direct effect on both process upgrading and product upgrading, as evidenced by their statistically significant path coefficients. In contrast, its impact on functional upgrading is comparatively weaker. This asymmetric pattern reveals a gradual upgrading ladder in which improvements in technological capabilities, reflected in process and product upgrading, typically precede the more demanding transition toward higher value-added functional activities. These findings indicate that GVC upgrading unfolds as a sequential and cumulative process rather than a simultaneous leap across all dimensions. Third, we identify absorptive capacity as a critical boundary condition in the upgrading process and show a decoupling between innovation capability and governance power in functional upgrading. Absorptive capacity significantly strengthens the relationship between endogenous innovation and both process upgrading and product upgrading, but it does not exert a significant moderating effect on functional upgrading. This unexpected result points to a key bottleneck. Even when firms possess strong internal innovation and learning capabilities, they may still be excluded from higher value-added functions because of constraints related to value chain governance power and institutional arrangements rather than technological limitations alone. These findings indicate that functional upgrading requires not only effective technological absorption but also strategic advances in governance positioning and the surrounding institutional environment. Finally, this study validates a synergistic "dual-wheel drive" from the external environment. Both market competition and government exert significant positive effects on endogenous innovation, indicating that the joint presence of competitive pressure and targeted policy support fosters a supportive external environment for innovation. This finding complements the internal focus on innovation culture and contributes to a more comprehensive understanding of the drivers of upgrading in emerging economies.
These suggests that firms should prioritize the development of a strong innovation culture and strengthen their absorptive capacity in order to accelerate technological transformation and upgrading. At the external level, greater attention should be paid to leveraging the disciplining role of market competition as well as the guiding and supportive functions of government policies. Achieving a fundamental shift in value chain functional positioning depends not only on the absorption and application of technology but also on overcoming deep-rooted institutional constraints and barriers related to core technologies.
C. Limitation and Future Research
[bookmark: OLE_LINK8][bookmark: OLE_LINK55]Despite its contributions, this study has several limitations that open avenues for future inquiry. First, due to the limited sample size (287 firms), our findings may not fully capture the dynamics of endogenous innovation in SMEs. Future research should include a larger and more diverse sample, potentially covering hundreds more firms including SMEs across various regions. Expanding the sample would enhance the generalizability and reliability of results, and provide more fine-grained evidence on how firm size or resource constraints impact the innovation-upgrading mechanism. Second, with the rapid advancement of Industry 4.0 and digital globalization, the structure of global supply chains is continuously evolving.  Many countries face the challenge of enhancing their GVC positions amid technological disruption - not just China. This study main focuses on developing and testing a framework that explains how AI-driven endogenous innovation promotes GVC upgrading, drawing on evidence from Chinese manufacturing. Thus, future studies could adopt a comparative international perspective. For example, a comparative analysis of how Chinese versus other emerging economy manufacturers (such as those in India or Southeast Asia) are upgrading within GVCs would be highly illuminating. A particularly relevant comparison can be drawn between Chinese and Korean manufacturing firms, owing to Korea’s aligned strategic emphasis on advanced manufacturing and AI. Examining their differences and similarities in technological innovation, supply chain strategies, and policy support could yield nuanced theoretical and practical insights.
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