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Rethinking Economic Embeddedness and Technological Dominance in 

AI Development 

Introduction 

The rapid growth of artificial intelligence (AI) technologies is fundamentally reshaping global 

industries, particularly through the paradigm of Industry 4.0, which emphasizes smart 

manufacturing, process optimization, and automation via machine learning, the Internet of 

Things (IoT), and big data (Rashid and Kausik, 2024; Sony and Naik, 2019). Driven by 

compound annual growth rates projected to expand the market significantly by 2031, the 

global demand for computational power, data centers, and advanced hardware infrastructure 

has intensified at an unprecedented pace (Statista, 2025; McKinsey & Company, 2024; Wasi 

et al., 2025). This evolution fosters a deep interdependence between the AI ecosystem and 

the semiconductor industry, which provides the critical hardware foundation for AI 

development while continuously benefiting from AI applications in manufacturing efficiency 

(Capgemini, 2024; Vaswani et al., 2017; IBM Research, 2024). 

According to data from the U.S. Patent and Trademark Office (USPTO), a premier global 

database for technological innovation tracking (Érdi et al., 2013; Fleming and Sorenson, 2001), 

recent AI patent trends reveal the U.S., Japan, China, South Korea, and Germany (closely 

followed by Taiwan) as the top global manufacturing powers. However, comparing AI and 

semiconductor patent trends reveals a striking strategic divergence. While the U.S. and Japan 

continue to dominate advanced AI applications and foundational algorithms, they increasingly 

rely on external markets for critical semiconductor supply and foundational innovation. 

Notably, Taiwan surpassed Japan in 2021 and became the largest global producer of 

semiconductor patents in 2023. This dynamic highlights a deeply coupled structural 

relationship among key nations, emphasizing that AI technological advancement is no longer 

an isolated domestic endeavor but relies heavily on cross-border collaboration, 

complementary resources, and transnational knowledge networks (AlShebli et al., 2024; 

Olcott et al., 2025; Sullivan, 2025). 

Historically, cross-national technology collaboration has been primarily analyzed through 
gravity models and revealed technological advantage (RTA) frameworks. However, as AI 
operates as a general-purpose technology (GPT) requiring the complementary integration of 
diverse subfields—from deep learning and attention mechanisms to hardware execution—
existing frameworks encounter significant limitations (Elahi et al., 2023; Krizhevsky et al., 2012; 
Rashid and Kausik, 2024; Vaswani et al., 2017). Gravity models often struggle to explain the 
non-linear AI interdependencies, while RTA frequently overlooks the rapid shifts driven by 
cross-disciplinary integration and institutional bandwagon pressures (Anderson, 2011; Peri, 
2005; Cockburn et al., 2018; DiMaggio and Powell, 1983; Swanson and Ramiller, 2004). 
Furthermore, traditional Global Value Chain (GVC) frameworks, while useful for mapping 
sequential production networks, are less equipped to characterize the multi-directional, 
emergent, and structurally locked-in interdependencies unique to AI technologies (Feenstra, 
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1998; Gereffi et al., 2005). To bridge these critical research gaps, this ongoing study examines 
the complementarity between AI subfields and structural interdependencies among the five 
major AI manufacturing powers (U.S., China, Japan, South Korea, and Taiwan) to understand 
the true drivers of global AI technology co-opetition. 

Theoretical Background 

2.1 Structural embedding in global value chains and the formation of technological 

dependence  

In contemporary global production systems, firms and countries increasingly specialize in 

specific stages of production, giving rise to extensive cross-border Global Value Chains (GVCs) 

and interdependent networks of technological specialization (Feenstra, 1998; Kogut, 1985). 

Prior research distinguishes multiple governance types within GVCs—ranging from market 

and modular to relational and captive—which reflect varying degrees of coordination and 

power asymmetry between lead firms and suppliers (Gereffi et al., 2005). In technologically 

complex but codifiable product domains like AI chips and data-center modules, modular and 

relational governance allow suppliers to undertake high-value activities but require 

relationship-specific investments in specific standards. This dynamic frequently leads to 

"structural technological lock-in," where suppliers become anchored to dominant trajectories 

(Sturgeon, 2002; Gereffi et al., 2005). Recent network-analytic perspectives further reinterpret 

GVCs, emphasizing that countries occupying central or bridging roles within these global 

technological systems gain structural advantages that stabilize existing dependency patterns, 

laying the foundation upon which economic gravity and technological advantages operate 

(Cingolani et al., 2017; Criscuolo and Timmis, 2018; Piccardi et al., 2024; Antràs and de Gortari, 

2020; Tajoli et al., 2021). 

2.2 Gravity forces and relative technological advantages in cross-national technology flows  

Gravity models suggest that bilateral interactions systematically increase with the economic 

scale of the involved countries and decrease with geographic or cultural distance (Anderson, 

2011; Frankel and Rose, 2002; Tinbergen, 1962). In the context of R&D and international 

technology flows, distance, borders, and cultural frictions continue to impede cross-national 

knowledge exchange despite global integration (Peri, 2005; Baldwin, 2006; Picci, 2010). In 

conjunction with interaction conditions, a country's Revealed Technological Advantage (RTA) 

highlights how relative specialization influences the direction of these flows, acting as a 

catalyst for net knowledge exports in specific domains (Dalum et al., 1998; Jaffe, 1986; Laursen, 

2000; Soete, 1987). 

Comparative evidence from Taiwan and South Korea well-illustrates how gravity forces and 

RTA jointly shape technology flows. Through active state involvement and export-oriented 

strategies, these economies evolved dense technological ties with advanced economies like 

the U.S. and Japan (Hobday, 1995; Wang, 2007). These flows co-evolved with local absorptive 

capacity, strengthening technological proximity and value-chain ties (Hu and Jaffe, 2003). Thus, 
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gravity-based perspectives, combined with RTA, theoretically demonstrate how field-specific 

capabilities and interaction conditions co-determine the direction and intensity of technology 

diffusion (Le Bas and Sierra, 2002; Patel and Pavitt, 1991; Peri, 2005). 

2.3 Technological complementarity and the co-evolution of technical clusters  

From a social network theory perspective, technological complementarity arises from locally 

dense clusters connected by limited bridging ties, which reduce path lengths, accelerate 

knowledge diffusion, and mitigate creative stagnation (Almeida and Kogut, 1999; Singh, 2005; 

Cowan and Jonard, 2004). When technologies share similar knowledge bases or capability 

requirements, organizations tend to expand from related to adjacent domains rather than 

leaping to distant technological islands. This repetitive mobilization progressively stabilizes 

complementary combinations into long-term specialization paths (Boschma and Frenken, 

2011; Kogler et al., 2014; Rigby, 2015). Furthermore, knowledge spillovers exhibit strong 

technological proximity (Jaffe, 1986). When R&D, manufacturing, and distribution assets are 

aligned with core AI technologies, related technologies are jointly embedded both spatially 

and relationally, significantly enhancing the durability and self-reinforcement of clusters 

(Teece, 1986). 

2.4 Isomorphic diffusion under competitive pressure 

Despite the structural models, the diffusion of AI is highly complicated by its characteristics as 
a general-purpose technology (GPT), showing broad applicability and strong cross-sectoral 
complementarities (Bresnahan and Trajtenberg, 1995; Cockburn et al., 2018). Combined with 
platformization, participation in AI is perceived as a critical prerequisite for future competitive 
survival (Kenney and Zysman, 2016). Consequently, AI adoption increasingly takes the form of 
competitive diffusion. Firms and nations may invest heavily, regardless of clear cost-benefit 
evaluations, driven by "institutional bandwagons" (legitimacy concerns) or "competitive 
bandwagons" (fear of marginalization) (Abrahamson and Rosenkopf, 1993; DiMaggio and 
Powell, 1983; Swanson and Ramiller, 2004). In this hyper-competitive environment, cross-
national technology flows may deviate significantly from traditional gravity or RTA predictions, 
representing a critical open question this research seeks to systematically address. 
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Figure 1. Schematic representation of GVCs, gravity effects, and technical clusters; adapted 
and extended from prior frameworks (Bakhuis et al., 2024; Markard and Truffer, 2008). 

Methodology 

3.1 Data Source and Sample 

This study employs patent data as a robust proxy for measuring innovative outputs, 

technological trajectories, and cross-border knowledge interactions. The USPTO database is 

utilized due to its comprehensive data completeness and broad industry coverage, making it 

highly reliable for capturing global technological dynamics (Callaert et al., 2006; Érdi et al., 

2013; Hall et al., 2005; Pezzoni et al., 2022). To strictly isolate AI-related technological diffusion, 

focal patents are identified using the Artificial Intelligence Patent Dataset (AIPD). A stringent 

93% confidence threshold is adopted to restrict the analytical sample to inventions with highly 

probable AI-related core technologies (e.g., machine learning, natural language processing, 

computer vision) (Pairolero et al., 2025). 

To mitigate truncation bias in forward citations—a common issue where recent patents lack 

sufficient time to accumulate citations—the focal sample encompasses patents granted 

between 1976 and 2019, while their forward citations are continuously tracked through 2024. 

This design ensures a robust minimum 5-year observation window post-grant for each focal 

patent (Dechezleprêtre et al., 2014; Hall et al., 2001). 

3.2 Mapping cross-national technology flows and structural variables 
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To analyze cross-national diffusion trajectories, we construct directed technology flow 

networks at the country-pair level, meaning each observation represents a directed 

technological flow from a cited country (origin) to a citing country (destination) (Kim, 2021). 

The analysis narrows specifically to the top five AI powers (US, CN, KR, JP, TW), isolating 

bilateral intra-core exchanges and excluding domestic citations to focus purely on 

international diffusion. Technology classifications are operationalized at the IPC main group 

level (typically 5 to 7 characters) to achieve fine-grained precision within AI subfields (WIPO, 

2024, 2022). 

The dependent variable in this framework is Technology Citation Counts (CitedCNT), 

representing the intensity of directional technology diffusion. Explanatory variables are 

constructed as follows: 

▪ Gravity-based index: Quantifies bilateral economic embeddedness based on the 

economic scale (GDP) and geographic distance between country pairs, sourced from 

the widely recognized CEPII database. Variables are log-transformed to standardize 

scales and reduce skewness (Anderson, 2011; Bergstrand and Egger, 2013; Conte et al., 

2022). 

▪ Revealed Technological Advantage (RTA): Measures a country's relative technological 

dominance by calculating the ratio of a country’s citation share within a specific IPC 

main group compared to the global share of that same domain (Dalum et al., 1998; 

IEA, 2024). 

▪ Technology Distance: Computes the cognitive gap between cited and citing 

technological domains based on four hierarchical levels (IPC1, IPC3, WIPO5, and 

WIPO35). The distance score is computed as a weighted sum of binary indicators, 

assigning higher weights to broader classifications to reflect larger cognitive separation 

(Caviggioli, 2016; Trajtenberg et al., 1997). 

To examine conditional amplification effects, an interaction term between gravity and RTA is 

introduced. To mitigate non-essential multicollinearity, continuous variables are mean-

centered prior to forming the interaction (Aiken et al., 1991; Wooldridge, 2010). 

3.3 Analytical Models 

The empirical strategy combines network visualization and statistical inference. First, directed 

weighted network graphs are employed to visualize cross-national AI flows. Node sizes reflect 

the weighted out-degree within specific country-IPC main groups, and edge widths 

correspond to the unidirectional citation counts between nodes, capturing flow intensity (Lee 

et al., 2023; Molnár et al., 2024; Newman, 2018; Wasserman and Faust, 1994). 

Second, to provide rigorous statistical inference aligned with the dyadic structure, this study 
utilizes a Negative Binomial Generalized Linear Model (NB-GLM). Given that patent citation 
distributions are highly skewed and over-dispersed, violating standard Poisson assumptions, 
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the NB-GLM is optimally suited for this paired observation data. The model estimates separate 
directional effects while controlling for patent issue year and citation year, preserving the 
inherent asymmetry of international technology flows (Griliches, 1990). 

Table 1. Measurement of key variables. 

Variables Measurement and descriptions Reference 

Explanatory variables 

Gravity-based index 
(gravity) 

A measure of bilateral economic embeddedness 
constructed from the economic mass (GDP) of two 
countries and the geographical distance between 
them, reflecting the structural intensity of 
international economic interaction. 

(Anderson, 2011; Anderson and 
van Wincoop, 2004; Bergstrand and 
Egger, 2013; Conte et al., 2022) 

Revealed technology advantage 
(RTA) 

An index capturing a country’s relative technological 
dominance within a specific technological subfield. 

(Dalum et al., 1998; IEA, 2024; 
Jaffe, 1986; Laursen, 2000; Soete, 
1987) 

Technology distance 
(Tech_Dist) 

A measure of technological dissimilarity between two 
technologies, capturing the cognitive distance 
separating distinct technological domains. 

(Caviggioli, 2016; Jaffe, 1986; 
Trajtenberg et al., 1997; WIPO, 
2022) 

IPC main group Patent technology categories defined at the IPC main 
group level, which provides a finer-grained 
classification and enables more precise delineation of 
technological subfields. 
 

(WIPO, 2024, 2022) 

Gravity mean-centered 
(gravity_c) 
RTA mean-centered 
(RTA_c) 

Gravity and RTA are mean-centered before forming 
interaction terms, allowing main-effect coefficients to 
be interpreted at average levels of the moderator. 

(Aiken et al., 1991; Wooldridge, 
2010) 

Dependent variables 

Technology citation counts 
(CitedCNT) 

The number of times a focal patent is cited by 
subsequent patents, capturing the intensity of 
technology diffusion. To mitigate truncation bias, the 
observation window for forward citations is restricted 
to a minimum of five years for each focal patent. 

(Dechezleprêtre et al., 2014; Hall et 
al., 2001) 

Control Variables 

Cited patent issued year 
(IssuedYear) 

Control variables capturing the grant year of the cited 
patent (IssuedYear) and the citing patent (CitingYear), 
included to account for time-specific effects and 
temporal heterogeneity in patenting and citation 
behavior. 

(Griliches, 1990) 

Citing year 
(CitingYear) 

Interaction Terms 

Gravity × Revealed technology 
advantage 
(gravity_RTA) 

To capture whether the effect of technological 
advantage on cross-national technology flows varies 
with the degree of bilateral economic embeddedness. 

(Anderson, 2011; Anderson and 
van Wincoop, 2004; Bergstrand and 
Egger, 2013; Conte et al., 2022; 
Dalum et al., 1998; IEA, 2024; Jaffe, 
1986; Laursen, 2000; Soete, 1987)  
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Preliminary Results and Discussion 

As this research is currently in progress, our initial empirical analyses and network mappings 

have yielded several compelling patterns that challenge conventional frameworks regarding 

how economic embeddedness and technological advantage influence global AI knowledge 

flows. 

4.1 Descriptive Network Architectures 

Preliminary visualizations of the network structures highlight that bilateral AI flows are sharply 

uneven and architecturally heterogeneous across country pairs, indicating that AI value chains 

are organized differently depending on the nations involved. For instance, the US-JP network 

demonstrates dense, reciprocal co-specialization anchored firmly in core computational 

infrastructures (e.g., G06K9, G06F9, G06F15). In contrast, the US-CN network reveals a highly 

stratified and asymmetric structure; high-intensity knowledge predominantly flows outward 

from US computational cores toward Chinese signal-processing and media domains, with 

limited reciprocal feedback. Most notably, the US-TW network exhibits pronounced cross-

domain integration, featuring thick bidirectional linkages that bridge algorithmic-oriented AI 

with hardware, signal-processing, and semiconductor layers (H01L, G11), validating Taiwan's 

vital structural role at the hardware-software nexus of the AI ecosystem. 

4.2 Preliminary Estimations of Embeddedness and Dominance  

Initial NB-GLM estimations provide critical evidence that technological dominance and 

economic embeddedness do not collapse into a single mechanism of "technological 

leadership." While aggregate baseline models (including global destinations) indicate positive 

complementary effects for both gravity and RTA, estimations strictly restricted to the intra-

core five-country network reveal that these effects often attenuate or behave inconsistently. 

Specifically, evaluations of the top bidirectional dyads indicate that RTA does not mechanically 

scale citation intensity. In the US-JP dyad, RTA positively interacts with gravity primarily in 

specific asymmetric directions (JP→US) within core computational domains, implying that 

capability advantages translate into knowledge flows only when aligned with a partner’s active 

absorptive capacity. In other pairs, such as US-KR and US-CN, high citation volumes coexist 

with weak, neutral, or insignificant marginal effects of RTA and gravity. 

These preliminary findings strongly suggest that in the era of general-purpose AI and intense 
competitive bandwagon pressures, traditional gravity and RTA mechanisms are often 
decoupled. The structural capacity to drive cross-national knowledge exchange depends 
heavily on a country’s specific position along the AI value chain and whether its technological 
trajectories are reciprocally coupled or subject to one-way extensions and jurisdictional 
frictions. Further refinement of these dyadic models is actively ongoing to precisely define the 
boundary conditions of traditional diffusion theories within the modern AI paradigm. 
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Figure 2. US-JP bilateral AI flow network. 
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Figure 3. US-KR bilateral AI flow network. 

 
Figure 4. US-CN bilateral AI flow network. 



10 
 

 
Figure 5. US-TW bilateral AI flow network. 
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Figure 6. JP-KR bilateral AI flow network. 
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Figure 7. JP-TW bilateral AI flow network. 
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