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Abstract

Artificial intelligence is increasingly integrated into physical products, industrial scenarios,
and innovation ecosystems, yet management research has focused mainly on AI adoption
rather than the depth of organizational integration. This study examines how AI embedding
affects enterprise competitiveness in China’s embodied intelligence industry and whether
competitive structure reconfiguration mediates this relationship. Using survey data from
266 firms and partial least squares structural equation modeling, the analysis shows that
AI embedding positively affects both enterprise competitiveness and competitive structure
reconfiguration. Competitive structure reconfiguration also improves enterprise competi-
tiveness and partially mediates the focal relationship, with a variance accounted for value
of 43.7%. By contrast, the moderating effects of data–computing foundation and scenario
openness are not supported. These findings indicate that the competitive value of AI
depends not only on adoption but also on its integration into R&D, decision-making, orga-
nizational coordination, and scenario development, as well as on the structural changes
that follow. The study contributes by distinguishing AI embedding from AI adoption
and by identifying competitive structure reconfiguration as a process mechanism linking
embedded AI to technological, ecosystem, and rule-based competitiveness.

Keywords: artificial intelligence embedding; embodied intelligence; enterprise competitiveness;
competitive structure reconfiguration; innovation ecosystem; dynamic capabilities; control
points; PLS-SEM

1. Introduction
Artificial intelligence has become a central issue in management and strategy research.

Existing studies have examined how AI reshapes organizational decision-making, innova-
tion processes, human–technology interaction, and firm performance (Raisch & Krakowski,
2021; Berente et al., 2021; Kellogg et al., 2020; Haefner et al., 2021). A growing stream of
empirical research further shows that AI capability and AI adoption can improve organiza-
tional creativity, innovation performance, and competitive outcomes, especially when firms
possess complementary digital resources and managerial capabilities (Mikalef & Gupta,
2021; Baabdullah et al., 2021; Wei & Pardo, 2022; Babina et al., 2024). These studies have
substantially advanced our understanding of AI as a strategic resource rather than a purely
technical tool.

However, most existing research still treats AI mainly as a general-purpose digital
technology adopted by firms. The dominant concern is whether firms adopt AI, how
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intensively they use it, and whether such adoption improves innovation or performance.
This perspective is useful, but it is insufficient for understanding industries in which AI is
not merely applied to existing business processes but embedded into products, physical
systems, scenario interaction, and industrial ecosystems. In such contexts, the strategic
value of AI depends less on isolated adoption and more on whether AI becomes integrated
into the firm’s resource base, organizational routines, ecosystem relationships, and control
positions (Barney, 1991; Teece et al., 1997; Teece, 2007; Gregory et al., 2021).

The embodied intelligence industry provides a particularly important context for
examining this issue. Embodied intelligence refers to AI systems that perceive, learn,
decide, and act in the physical world through the integration of algorithms, sensors,
actuators, robotic bodies, control systems, and real-world scenarios (Duan et al., 2022;
Driess et al., 2023; Brohan et al., 2023; Zitkovich et al., 2023). Unlike many digital industries,
embodied intelligence firms do not compete only through software functions or data
analytics. Their competitiveness depends on the joint development of AI models, hardware
systems, scenario data, engineering delivery, field feedback, and ecosystem coordination.
This makes embodied intelligence an appropriate setting for studying how AI embedding
generates enterprise competitiveness under high technological uncertainty and strong
ecosystem interdependence.

The Chinese embodied intelligence industry provides a theoretically meaningful
context for examining this issue. Existing Chinese research has emphasized that AI is
moving from a general enabling technology for digital transformation toward a system-
level enabling force for future industry formation (Song, 2024). Studies on future industries
in China further suggest that AI-driven industrial innovation depends on the interaction
among frontier technologies, application scenarios, innovation ecosystems, and policy-
supported industrial platforms (Chen et al., 2023; Li et al., 2023; Xue & Jiang, 2025). This
context is particularly relevant for embodied intelligence because firms must connect AI
algorithms with intelligent hardware, robotic bodies, engineering delivery, real-world
scenarios, and ecosystem partners. Therefore, China is not treated merely as an empirical
setting in this study. It provides a context in which the interaction among AI embedding,
industrial-chain coordination, scenario experimentation, and ecosystem competition can be
observed more directly.

Yet the management literature has not sufficiently examined this industry. Studies on
AI and management mainly focus on general organizations, SMEs, digital transformation,
or platform-based settings (Berente et al., 2021; Mikalef & Gupta, 2021; Chalmers et al.,
2021; Feliciano-Cestero et al., 2023). Robotics and embodied AI studies, in contrast, mainly
address technical architectures, model training, task generalization, and real-world control
(Driess et al., 2023; Brohan et al., 2023; Zitkovich et al., 2023). Ecosystem and platform
studies explain value creation, interdependence, and platform governance, but they rarely
connect these mechanisms to AI embedding in embodied intelligence firms (Adner &
Kapoor, 2010; Adner, 2017; Jacobides et al., 2018; Cennamo, 2021). As a result, we still know
little about how AI embedding shapes enterprise competitiveness in an industry where
competitive advantage depends simultaneously on technology, scenarios, ecosystems, and
control points.

To address this gap, this study shifts the analytical focus from AI adoption to AI
embedding. AI embedding refers to the extent to which AI is integrated into the firm’s
key value-creation activities, including R&D innovation, decision support, organizational
coordination, and scenario development. This distinction is important. AI adoption in-
dicates that a firm uses AI tools or systems; AI embedding indicates that AI has entered
the firm’s innovation process, operational routines, cross-functional collaboration, and
scenario-based learning mechanisms. Only the latter is likely to generate durable competi-
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tiveness because it allows firms to reconfigure resources, adapt to changing environments,
and build differentiated capabilities (Teece, 2007, 2018; Mikalef & Gupta, 2021).

This study further argues that AI embedding does not automatically lead to enterprise
competitiveness. Its effect is mediated by competitive structure reconfiguration. In the
embodied intelligence industry, competition is not limited to product performance or
cost efficiency. It is also shaped by changes in entry conditions, scenario-based demand,
complementor networks, ecosystem orchestration, and control-point allocation. Firms that
embed AI more deeply may lower technical and organizational barriers, identify scenario
demand earlier, reorganize relationships with complementors, participate in ecosystem
orchestration, and occupy key positions in data, interface, platform, standard, or scenario
access. These mechanisms are consistent with dynamic capabilities theory, innovation
ecosystem research, and platform competition literature (Adner, 2017; Jacobides et al., 2018;
Gawer & Cusumano, 2014; Tiwana et al., 2010).

Accordingly, this study develops and tests a theoretical model linking AI embedding,
competitive structure reconfiguration, and enterprise competitiveness in the embodied
intelligence industry. Enterprise competitiveness is conceptualized as a multidimensional
construct consisting of technological competitiveness, ecosystem competitiveness, and
rule-based competitiveness. This definition reflects the industrial features of embodied
intelligence: firms must not only improve technological capabilities, but also coordinate
ecosystem partners and shape rules, interfaces, standards, and scenario entry points. The
model also considers data–computing foundation and scenario openness as boundary
conditions, because AI embedding requires data resources, computing infrastructure, and
access to real-world scenarios.

Empirically, this study uses survey data from firms in the embodied intelligence
industry and applies Partial Least Squares Structural Equation Modeling to test the pro-
posed model. This method is suitable for research contexts involving multidimensional
latent variables, mediation mechanisms, moderation effects, and emerging theoretical con-
structs (Hair et al., 2019, 2021). To enhance methodological reliability, the study follows a
structured procedure including questionnaire development, expert review, data screening,
reliability and validity assessment, common method bias checks, collinearity assessment,
bootstrapping, and mediation and moderation testing (Podsakoff et al., 2003; Henseler
et al., 2015; Kock, 2015).

Three contributions follow. First, the paper shifts attention from AI adoption to AI
embedding, thereby capturing the integration of AI into R&D innovation, decision support,
organizational coordination, and scenario development. Second, it identifies competitive
structure reconfiguration as the process through which internal AI integration changes
entry conditions, scenario demand, complementor relationships, ecosystem orchestration,
and control-point allocation. Third, the Chinese embodied intelligence industry provides
a theoretically meaningful setting for showing how AI, manufacturing resources, real-
world scenarios, and regional ecosystems jointly shape technological, ecosystem, and
rule-based competitiveness.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature and identifies the theoretical gap. Section 3 develops the theoretical framework
and hypotheses. Section 4 describes the research design and methods. Section 5 presents
the empirical results. Section 6 discusses the findings. Section 7 concludes the study.

2. Literature Review
This section reviews five streams of literature relevant to this study: AI adoption and

AI capability, AI and dynamic capabilities, innovation ecosystems and platform-based
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competition, embodied AI and robotics, and Chinese research on AI, future industries, and
embodied intelligence.

2.1. AI Adoption and AI Capability: From Technology Use to Organizational Integration

Research on artificial intelligence in management has generated important insights
into how firms adopt, implement, and derive value from AI. Prior studies show that AI
can improve decision-making, innovation management, organizational creativity, and firm
performance when firms possess complementary digital resources, managerial support, and
organizational readiness (Raisch & Krakowski, 2021; Berente et al., 2021; Mikalef & Gupta,
2021; Haefner et al., 2021). More recent research has moved beyond adoption decisions to
examine the organizational conditions required for AI implementation. Lee et al. (2023), for
example, identify technological, organizational, information-system, and people-related
factors that jointly shape the implementation of AI in organizations. Empirical studies
further indicate that AI adoption can enhance B2B practices, SME competitiveness, product
innovation, and firm growth (Baabdullah et al., 2021; Wei & Pardo, 2022; Babina et al.,
2024). Together, these studies establish AI as a strategic organizational resource rather than
a purely operational tool.

However, this stream of research still tends to treat AI as a technology that firms
adopt, possess, or implement. The main analytical question is whether firms use AI, how
intensively they use it, and whether such use improves innovation or performance. Recent
AI-strategy research shows that successful AI initiatives also depend on the creation of
data network effects and the alignment of AI with firm-level strategic processes (Vomberg
et al., 2023). Research on strategic decision-making further indicates that generative AI
can augment the generation and evaluation of strategic alternatives, but its organizational
value depends on how it is incorporated into established decision processes (Csaszar et al.,
2024). These perspectives deepen the strategic understanding of AI, but they remain less
sufficient for explaining how AI becomes embedded across the firm’s complete value-
creation architecture. AI adoption captures the presence of AI use; AI embedding captures
the depth to which AI is integrated into R&D innovation, decision support, organizational
coordination, and scenario development. This distinction matters because AI tools can be
purchased or imitated, whereas AI embedding depends on firm-specific data, routines,
technical knowledge, engineering experience, and cumulative learning processes.

2.2. AI, Dynamic Capabilities, and Competitiveness: From Internal Capability to Competitive Structure

A second stream of research links AI to dynamic capabilities and firm competitiveness.
Dynamic capabilities theory argues that firms achieve advantage not only by possessing
valuable resources, but also by sensing opportunities, seizing them, and reconfiguring
resources in response to environmental change (Teece et al., 1997; Teece, 2007, 2018). Recent
studies have applied this logic to AI research, showing that AI adoption and AI capability
may enhance innovation performance, resilience, and competitiveness through dynamic
capabilities or related organizational mechanisms (Mikalef & Gupta, 2021; Le & Behl, 2024;
Sánchez-Rodríguez et al., 2025).

This literature provides a stronger explanation than simple AI adoption models be-
cause it shows how AI affects firm-level capabilities. Recent studies further demonstrate
that transforming isolated AI experiments into organization-wide value creation requires
proactive leadership, an innovation-supportive culture, strategic process discipline, and
the ability to reconfigure organizational resources and business models (Black et al., 2024).
Research on industrial firms similarly indicates that AI capabilities must be combined with
organizational adaptability and leadership to support data-driven value creation, delivery,
and capture (Ghosh, 2025). Nevertheless, these capability-based explanations remain in-
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complete for the embodied intelligence industry. They mainly focus on how AI improves
internal sensing, seizing, adapting, and reconfiguring, but say less about how AI changes
the external conditions under which firms compete. In embodied intelligence, competitive-
ness is not formed only through internal capability improvement. It also depends on access
to application scenarios, coordination with complementors, ecosystem positioning, inter-
face control, standard participation, data access, and platform linkage. Therefore, this study
extends the capability-based view by introducing competitive structure reconfiguration as
the mediating mechanism between AI embedding and enterprise competitiveness.

2.3. Innovation Ecosystems, Platforms, and Control Points: From Value Co-Creation to Value Capture

A third stream of research examines innovation ecosystems, platforms, and tech-
nological dominance. Ecosystem research emphasizes that value creation depends on
interdependence among multiple actors, complementor alignment, bottleneck resolution,
and the focal firm’s position within a broader value structure (Adner & Kapoor, 2010;
Adner, 2017; Jacobides et al., 2018). Platform studies further show that firms can shape
ecosystem competition by controlling interfaces, architectures, governance rules, and com-
plementor participation (Gawer & Cusumano, 2014; Tiwana et al., 2010; Cennamo, 2021).
Research on technological dominance also highlights the importance of standards, installed
bases, complementary assets, and control over technological trajectories (Suarez, 2004).

These studies provide essential foundations for understanding ecosystem-based com-
petition, but they do not directly explain how AI embedding changes competition in
embodied intelligence firms. Recent research on AI-enabled business model innovation
has begun to connect AI capabilities with value creation, value delivery, value capture,
and ecosystem collaboration. Sjödin et al. (2023), for example, show that industrial firms
require perceptive, predictive, and prescriptive AI capacities, together with dynamic ca-
pabilities, to commercialize AI-enabled business models in collaboration with customers
and ecosystem partners. Kanbach et al. (2024) further argue that generative AI can reshape
multiple components of the business model and alter the ways in which firms create and
capture value. These studies demonstrate that AI can affect business architectures and
ecosystem relationships, but their primary focus remains business model innovation rather
than the competitive structure surrounding firms. Ecosystem and platform studies, how-
ever, usually examine interdependence, governance, and value capture at the platform or
industry level. They rarely analyze how AI, as a firm-level embedded technology, reshapes
entry conditions, scenario demand, complementor networks, ecosystem orchestration,
and control-point allocation. This study therefore connects AI management research with
ecosystem and platform theory by arguing that AI embedding is not only an internal
capability-building process but also a driver of competitive structure reconfiguration.

2.4. Embodied AI and Robotics: From Technical Progress to Enterprise Competitiveness

A fourth stream of research comes from embodied AI and robotics. Technical studies
have advanced the understanding of embodied AI systems, including multimodal models,
robotic control, real-world task execution, generalist agents, and vision-language-action
systems (Duan et al., 2022; Driess et al., 2023; Brohan et al., 2023; Reed et al., 2022; Zitkovich
et al., 2023). These studies show that embodied intelligence differs from purely digital
AI because it requires the integration of perception, learning, decision-making, action,
hardware systems, and real-world feedback. They provide a technological basis for un-
derstanding why embodied intelligence depends heavily on scenarios, data, engineering
implementation, and continuous field learning.

However, technical studies on embodied AI rarely examine enterprise competitiveness.
They explain what embodied AI systems can do, but not how firms in the embodied intelli-
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gence industry build competitive advantage. As a result, there is a gap between technical
research on embodied AI and management research on AI-enabled competitiveness. The
former focuses on models, tasks, and control; the latter focuses on adoption, capability, and
performance. What remains underexplored is how AI embedding shapes enterprise com-
petitiveness in an industry where technological development, scenario access, ecosystem
coordination, and control-point allocation are deeply intertwined.

2.5. Chinese Research on AI, Future Industries, and Embodied Intelligence

Chinese research on AI and future industries has developed rapidly in recent years.
This literature provides an important contextual foundation for the present study because
China’s embodied intelligence industry is closely connected with national future-industry
strategies, regional innovation ecosystems, manufacturing capabilities, and scenario-based
industrial experimentation.

A first stream of Chinese research focuses on the strategic positioning and develop-
ment logic of future industries. This stream argues that future industries are driven by
frontier technologies, emerging application scenarios, innovation-element supply, and pol-
icy support. Chen et al. (2023) emphasize that the development of China’s future industries
depends on the supply of scientific and technological factors, the cultivation of technologi-
cal scenarios, and policy guarantees. Li et al. (2023) further conceptualize future industries
as innovation ecosystems composed of frontier knowledge creation, application-scenario
transformation, and industrial value realization. These studies show that future industries
cannot be understood only as technology sectors. They are formed through the interaction
among technologies, scenarios, actors, and institutional arrangements.

A second stream examines the role of AI in future industry development. Song
(2024) argues that AI is moving from an enabling effect for existing industrial digital
transformation toward a system-level enabling effect for future industry cultivation. This
distinction is useful for the present study because it suggests that AI should not be viewed
only as a tool for efficiency improvement. Xue and Jiang (2025) further argue that generative
AI is becoming a key driver of future industrial innovation and that future industries
also provide important application fields for testing and refining AI technologies. This
perspective highlights the mutual shaping relationship between AI development and
industrial scenario experimentation.

A third stream discusses scenario-driven transformation and innovation ecosystem
construction in China’s future industries. Chinese studies generally emphasize that future
industries depend on the alignment of technological breakthroughs, application scenarios,
industrial-chain coordination, platform support, and policy experimentation. This empha-
sis is particularly relevant to embodied intelligence. Embodied intelligence firms do not
only develop AI models or robotic products. They must also obtain scenario feedback,
coordinate hardware and software suppliers, work with system integrators, and participate
in regional innovation platforms.

However, existing Chinese research still has several limitations. Most studies focus
on macro-level industrial cultivation, policy design, future-industry layout, or innovation
ecosystem construction. They provide rich insights into why AI and future industries
are strategically important, but they say less about how AI is transformed into firm-level
competitiveness. In particular, limited attention has been paid to the mechanism through
which AI embedding changes entry conditions, scenario demand, complementor networks,
ecosystem orchestration, and control-point allocation. Therefore, this study builds on
Chinese research on AI and future industries, but shifts the analytical focus from industry
cultivation to enterprise competitiveness formation.
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2.6. Theoretical Gap and Research Positioning

Taken together, prior research provides important but fragmented explanations. AI
adoption and implementation studies explain the technological, organizational, and hu-
man conditions under which firms introduce AI. Recent AI strategy research examines
data network effects and AI-supported strategic decision-making, while generative-AI
and business-model studies analyze how AI may transform value creation, delivery, and
capture. Dynamic capability research explains how AI can strengthen internal sensing,
seizing, adaptation, and resource reconfiguration. Ecosystem and platform studies explain
interdependence, governance, and value capture. Embodied AI studies clarify the technical
foundations of physical-world AI systems, while Chinese research on AI and future indus-
tries highlights frontier technologies, scenario transformation, innovation ecosystems, and
policy-supported industrial platforms.

However, these streams have not been sufficiently integrated to explain how AI em-
bedding affects enterprise competitiveness in the embodied intelligence industry. Recent
studies increasingly recognize that AI must be integrated with organizational processes,
strategic decision-making, business models, and ecosystem relationships, but they gener-
ally treat these outcomes separately. They do not systematically explain how firm-level AI
embedding alters the structure of competition itself or how these structural changes are
converted into technological, ecosystem, and rule-based competitiveness. International
research has also paid limited attention to embodied intelligence as a management and
strategy context, whereas Chinese research has concentrated primarily on macro-level
future-industry cultivation. The missing link is therefore not simply whether AI improves
firm performance, but how embedded AI changes entry conditions, scenario demand,
complementor relationships, ecosystem orchestration, and the allocation of strategic con-
trol points.

This study addresses this gap by developing an AI embedding-driven competitive
structure reconfiguration framework. It advances prior research in three ways. First, it
shifts the focus from AI adoption to AI embedding, thereby capturing the deeper integra-
tion of AI into core value-creation activities. Second, it introduces competitive structure
reconfiguration as the mechanism through which AI embedding affects enterprise competi-
tiveness. Third, it situates the analysis in China’s embodied intelligence industry, where
AI technologies, manufacturing supply chains, application scenarios, regional platforms,
and ecosystem actors are closely intertwined. This context allows the study to examine
how AI-enabled competitiveness is formed not only through internal capabilities, but also
through industrial-chain coordination, scenario-based learning, ecosystem orchestration,
and control-point competition.

3. Theoretical Framework and Hypotheses
Building on the research gap identified in the literature review, this section develops the

theoretical framework and hypotheses of this study.

3.1. Integrated Theoretical Logic: Dynamic Capabilities, Innovation Ecosystem, and Control Points

Based on the literature review, this study uses dynamic capabilities theory, innovation
ecosystem research, and the control-point perspective as complementary theoretical lenses.
These perspectives are not treated as separate explanations. Instead, they are integrated
to explain how AI embedding is transformed into enterprise competitiveness through
competitive structure reconfiguration.

Dynamic capabilities theory explains the internal capability logic of AI embedding. In
turbulent technological environments, firms need to sense emerging opportunities, seize
them through resource mobilization, and reconfigure resources and routines in response to
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change (Teece et al., 1997; Teece, 2007, 2018). AI embedding strengthens this process because
it allows firms to integrate AI into R&D innovation, decision support, organizational
coordination, and scenario development. In embodied intelligence firms, AI does not
create strategic value merely because it is adopted. Its value depends on whether it
becomes connected with firm-specific data, technical knowledge, engineering experience,
organizational routines, and scenario feedback. Thus, dynamic capabilities theory explains
why AI embedding may improve a firm’s ability to learn, adapt, and reconfigure its internal
resource base.

However, the embodied intelligence industry cannot be explained by internal capabili-
ties alone. Embodied intelligence products and solutions depend on the joint development
of algorithms, sensors, chips, actuators, robotic bodies, system integration, application
scenarios, customers, and service providers. This makes innovation ecosystem research
necessary. Ecosystem theory emphasizes interdependence among multiple actors, com-
plementor alignment, and value co-creation around a shared value proposition (Adner &
Kapoor, 2010; Adner, 2017; Jacobides et al., 2018). In this study, the ecosystem perspective
explains why AI embedding may reshape complementor relationships and ecosystem coor-
dination. As AI becomes embedded in product development and scenario learning, firms
may need to reorganize cooperation with model providers, component suppliers, system in-
tegrators, scenario owners, and end users. Therefore, AI embedding is expected to influence
not only what firms can do internally, but also how they coordinate external actors.

The control-point perspective further explains the value-capture logic. In platform-
based and technology-intensive industries, competition often centers on interfaces, stan-
dards, data access, platform positions, user entry points, and governance rules (Gawer &
Cusumano, 2014; Tiwana et al., 2010; Suarez, 2004; Cennamo, 2021). This logic is especially
relevant to embodied intelligence because firms compete not only for better products, but
also for positions that shape data flows, hardware–software integration, scenario access,
testing environments, and technical standards. AI embedding may help firms occupy such
positions by accumulating scenario data, improving system compatibility, strengthening
interface integration, and participating in ecosystem governance or standard-setting. The
control-point perspective therefore explains how AI embedding may affect value capture,
not only value creation.

Together, these three perspectives form the theoretical logic of this study. Dynamic
capabilities theory explains internal resource reconfiguration. Innovation ecosystem re-
search explains external relationship reorganization. The control-point perspective explains
value-capture position adjustment. These three mechanisms jointly support the concept of
competitive structure reconfiguration. In this framework, AI embedding first changes how
firms develop technologies, make decisions, coordinate activities, and learn from scenarios.
These changes then reshape the competitive structure surrounding the firm, including entry
conditions, scenario-based demand, complementor networks, ecosystem orchestration, and
control-point allocation. Through this mechanism, AI embedding is expected to influence
enterprise competitiveness in the embodied intelligence industry.

3.2. Conceptual Framework: AI Embedding-Driven Competitive Structure Reconfiguration

Building on the integrated theoretical logic, this study proposes a conceptual frame-
work linking AI embedding, competitive structure reconfiguration, and enterprise competi-
tiveness in the embodied intelligence industry. The framework argues that AI embedding
does not automatically generate competitiveness. Its strategic value is realized when AI be-
comes integrated into firm-level activities and further changes the conditions, relationships,
and positions through which firms compete.
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AI embedding is treated as the antecedent variable in this framework. It refers to
the extent to which AI is integrated into a firm’s key value-creation activities, including
R&D innovation, decision support, organizational coordination, and scenario development.
This construct emphasizes the depth of AI integration rather than the simple presence
of AI adoption. In the embodied intelligence industry, AI embedding means that AI
is not used only as a tool for automation or data analysis. It becomes part of product
development, technical iteration, scenario learning, operational decision-making, and
cross-functional coordination.

Competitive structure reconfiguration is treated as the mediating mechanism. It refers
to the process through which AI embedding changes the competitive conditions and re-
lationships surrounding the firm. This construct captures five types of structural change.
First, entry-condition change refers to the shift in the requirements for entering and compet-
ing in the industry, such as data resources, AI models, simulation capability, engineering
delivery, and system integration ability. Second, scenario-driven demand refers to the
increasing role of real-world application scenarios in shaping product development, market
opportunities, and commercialization paths. Third, complementor network reorganization
refers to changes in how firms cooperate with model providers, component suppliers,
hardware manufacturers, system integrators, scenario owners, and end users. Fourth,
ecosystem orchestration change refers to changes in how firms coordinate external actors,
align complementary activities, and participate in ecosystem-level value creation. Fifth,
control-point allocation refers to changes in access to key interfaces, standards, platforms,
data resources, testing environments, and scenario entry points.

Enterprise competitiveness is treated as the outcome variable. It refers to the firm’s
relative ability to achieve advantages in the embodied intelligence industry. This study
conceptualizes enterprise competitiveness through three dimensions: technological com-
petitiveness, ecosystem competitiveness, and rule-based competitiveness. Technological
competitiveness refers to a firm’s ability to develop, integrate, and iterate embodied intel-
ligence technologies and solutions. Ecosystem competitiveness refers to a firm’s ability
to coordinate partners, participate in ecosystem value creation, and obtain a favorable
position within interdependent networks. Rule-based competitiveness refers to a firm’s
ability to influence or benefit from interfaces, standards, platforms, scenario access, and
other rule-related positions.

The central theoretical novelty of this framework lies in separating competitive struc-
ture reconfiguration from enterprise competitiveness. Competitive structure reconfigura-
tion is a process construct that captures how AI embedding changes the external conditions,
relationships, and strategic positions through which firms compete. Enterprise competi-
tiveness is an outcome construct that captures the technological, ecosystem, and rule-based
advantages obtained from those changes. For example, ecosystem orchestration change
describes a shift in the firm’s role in coordinating interdependent actors, whereas ecosystem
competitiveness represents the advantage derived from that role. Similarly, control-point
allocation describes changes in access to interfaces, standards, platforms, data, and scenar-
ios, whereas rule-based competitiveness captures the firm’s capacity to appropriate value
from these positions. This process–outcome distinction prevents the mediating mechanism
from being treated as another label for the dependent variable.

The framework therefore specifies a sequential mechanism. AI embedding first alters
firm-level routines, resource deployment, and scenario-based learning. These internal
changes are subsequently translated into competitive structure reconfiguration, which
in turn contributes to technological, ecosystem, and rule-based competitiveness. Data–
computing foundation and scenario openness are introduced as potential boundary condi-
tions affecting the first stage of this mechanism.
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Figure 1 presents the conceptual framework of this study. AI embedding is positioned
as the antecedent variable, competitive structure reconfiguration as the mediating mecha-
nism, and enterprise competitiveness as the outcome variable. Data–computing foundation
and scenario openness moderate the relationship between AI embedding and competitive
structure reconfiguration.

Figure 1. Conceptual framework. Note Solid arrows indicate statistically significant relationships,
whereas dashed arrows indicate non-significant interaction effects.

3.3. Research Objectives and Hypotheses

This study examines how AI embedding affects enterprise competitiveness in the
embodied intelligence industry. The core argument is that AI embedding improves com-
petitiveness not only by strengthening internal capabilities, but also by reconfiguring the
competitive structure in which firms create, coordinate, and capture value.

3.3.1. Research Objectives

Objective 1: Examine whether AI embedding improves enterprise competitiveness in
the embodied intelligence industry.

Objective 2: Test whether competitive structure reconfiguration mediates the relation-
ship between AI embedding and enterprise competitiveness.

Objective 3: Examine whether data–computing foundation and scenario openness
strengthen the effect of AI embedding on competitive structure reconfiguration.

3.3.2. Research Hypotheses

AI embedding integrates AI with firms’ core activities and enables more continuous
learning, technological iteration, coordination, and resource allocation. In the embodied
intelligence industry, these organizational effects should improve firms’ ability to develop
and commercialize integrated AI-enabled solutions. Therefore:

H1. AI embedding has a positive effect on enterprise competitiveness.

Beyond its internal effects, AI embedding can alter the relationships and strategic
positions through which firms compete. Deeper integration of AI may enable firms to
respond to scenario demand, coordinate interdependent actors, and influence access to
strategically important resources and positions. Accordingly:

H2. AI embedding has a positive effect on competitive structure reconfiguration.
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Competitive structure reconfiguration can improve firms’ capacity to coordinate inter-
dependencies, access opportunities, and appropriate value from ecosystem and control-
point positions. Firms that achieve such structural changes should therefore obtain stronger
competitive outcomes. Thus:

H3. Competitive structure reconfiguration has a positive effect on enterprise competitiveness.

Taken together, the preceding arguments suggest that AI embedding affects enterprise
competitiveness partly by producing changes in the competitive structure surrounding the
firm. Competitive structure reconfiguration therefore represents the mechanism through
which internal AI integration is translated into external competitive advantage. Accordingly:

H4. Competitive structure reconfiguration mediates the relationship between AI embedding and
enterprise competitiveness.

Data–computing foundation may strengthen the effect of AI embedding on competi-
tive structure reconfiguration. AI embedding requires usable data, computing resources,
data governance, and model-supporting infrastructure. Without these conditions, AI use
may remain fragmented or superficial. With a stronger data–computing foundation, firms
can train models, accumulate feedback, optimize solutions, and connect AI more effectively
with scenario learning and system integration. Therefore, we propose:

H5. Data–computing foundation positively moderates the relationship between AI embedding and
competitive structure reconfiguration, such that the relationship is stronger when data–computing
foundation is higher.

Scenario openness may also strengthen the effect of AI embedding on competitive
structure reconfiguration. Embodied intelligence products must be tested, validated, and
improved in real-world scenarios. When scenario openness is higher, firms can obtain
more opportunities for field testing, user feedback, customer interaction, and ecosystem
collaboration. These conditions make it easier for AI embedding to reshape scenario
demand, complementor relationships, and control-point access. Therefore, we propose:

H6. Scenario openness positively moderates the relationship between AI embedding and competitive
structure reconfiguration, such that the relationship is stronger when scenario openness is higher.

Taken together, H1–H6 specify the direct, mediating, and conditional relationships
presented in Figure 1.

4. Materials and Methods
4.1. Questionnaire Design and Data Collection

This study used a firm-level questionnaire survey to test the proposed AI embedding–
competitive structure reconfiguration–enterprise competitiveness framework. A survey
design was appropriate because the core constructs of this study, including AI embedding,
competitive structure reconfiguration, enterprise competitiveness, data–computing founda-
tion, and scenario openness, reflect organizational practices and strategic perceptions that
cannot be fully captured by public financial, patent, or archival data alone.

The questionnaire was developed based on prior research on AI capability, dynamic
capabilities, innovation ecosystems, platform competition, and PLS-SEM measurement
design (Teece, 2007; Adner, 2017; Jacobides et al., 2018; Mikalef & Gupta, 2021; Hair et al.,
2019, 2021). The initial item pool was designed according to the theoretical framework
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proposed in Section 3. To improve content validity and industry relevance, the question-
naire was reviewed and revised through expert consultation. Four management scholars
and four computer science scholars with expertise in embodied intelligence participated
in the review process. Their comments focused on construct boundaries, item wording,
industry applicability, and whether the items could be understood by respondents from
different positions in the embodied intelligence industry chain. Based on this process, the
final questionnaire was revised before formal data collection. The full questionnaire items
are reported in Appendix A.

The study adopted criterion-based purposive sampling and a key-informant approach.
Eligible firms were required to operate in the embodied intelligence industry or its sup-
porting industrial chain, including AI models and software platforms, intelligent hardware
and core components, robotic systems and system integration, scenario applications, and
digital infrastructure. The online questionnaire was distributed to one qualified respondent
from each participating firm. Eligible respondents included founders or senior executives,
R&D managers, product managers, digital transformation managers, operations managers,
system integration managers, and scenario application managers who were familiar with
the firm’s AI application, technology development, scenario deployment, ecosystem col-
laboration, or strategic management. Where necessary, respondents were encouraged to
verify firm-level information with colleagues responsible for R&D, digitalization, product
development, operations, or strategy before submitting the questionnaire.

A total of 266 online questionnaires were formally distributed, and all 266 question-
naires were returned, corresponding to a response rate of 100% based on the formally
distributed questionnaires. Each firm contributed one questionnaire. The returned ques-
tionnaires were screened for respondent eligibility, completeness, and response-range
consistency. All questionnaires contained complete responses to the core measurement
items and satisfied the predefined inclusion criteria; therefore, no questionnaire was ex-
cluded, leaving a final sample of 266 firm-level observations. To mitigate sampling and
informant bias, the study applied explicit firm- and respondent-eligibility criteria, restricted
participation to one knowledgeable informant per firm, covered multiple positions in the
embodied intelligence industry chain and several major regional clusters, and assured
respondents that their responses would be used anonymously for academic research. Be-
cause all formally distributed questionnaires were returned, a conventional comparison
between respondents and non-respondents was not applicable.

Sample size adequacy was evaluated according to the logic of PLS-SEM model es-
timation. This study did not aim to estimate a population proportion; therefore, the
infinite-population proportion formula commonly used in descriptive surveys was not
adopted as the primary criterion. Instead, sample size was assessed according to the
minimum sample requirement for PLS-SEM. Following the 10-times rule proposed in the
PLS-SEM literature, the minimum sample size should be at least ten times the maximum
number of structural paths pointing at any endogenous construct in the model (Barclay
et al., 1995; Hair et al., 2019, 2021). The minimum sample size can be expressed as:

nmin = 10 × max(PCSR, PEC)

where PCSR denotes the maximum number of predictors of competitive structure recon-
figuration and PEC denotes the number of predictors of enterprise competitiveness. In
this study:

nmin = 10 × max(5, 2) = 50
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The final sample size of 266 was therefore sufficient for estimating the proposed PLS-
SEM model. In addition, bootstrapping with 5000 resamples was used to obtain more stable
standard errors, t statistics, p values, and confidence intervals for hypothesis testing.

4.2. Measurement of Constructs

All core constructs were measured using a seven-point Likert scale, ranging from
1 = strongly disagree to 7 = strongly agree. The final dataset contained 45 core indicators:
12 items for AI embedding, 15 items for competitive structure reconfiguration, 9 items
for enterprise competitiveness, 4 items for data–computing foundation, and 4 items for
scenario openness.

AI embedding was measured by the extent to which AI was integrated into R&D
innovation, decision support, organizational coordination, and scenario development.
This construct emphasized the depth of AI integration rather than the simple adoption of
AI tools.

Competitive structure reconfiguration was measured through five dimensions: entry-
condition change, scenario-driven demand, complementor network reorganization, ecosys-
tem orchestration change, and control-point allocation. These items captured changes in
the competitive conditions, relationships, and positions surrounding the firm.

Enterprise competitiveness was measured through technological competitiveness,
ecosystem competitiveness, and rule-based competitiveness. The items focused on the
firm’s relative advantages compared with major competitors.

Data–computing foundation and scenario openness were included as boundary-
condition constructs. Data–computing foundation captured data resources, computing
resources, data governance, and model-supporting infrastructure. Scenario openness
captured scenario access, field testing, user feedback, and ecosystem collaboration.

A key principle in the measurement design was to distinguish the mediating mecha-
nism from the outcome variable. Competitive structure reconfiguration was measured as a
process of structural change in the competitive environment, whereas enterprise competi-
tiveness was measured as the firm’s relative competitive advantage. This distinction was
necessary for testing the mediating role of competitive structure reconfiguration. Table 1
summarizes the constructs and measurement design.

Table 1. Constructs, abbreviations, and measurement dimensions.

Construct Abbreviation Model Role Measurement Dimensions Items

AI embedding AIE Independent
variable

R&D innovation embedding 3
decision-support embedding 3

organizational
coordination embedding 3

scenario-development embedding 3

Competitive
structure

reconfiguration
CSR Mediating

variable

Entry-condition change 3
scenario-driven demand 3
complementor network

reorganization 3

ecosystem orchestration change 3
control-point allocation 3

Enterprise
competitiveness EC Dependent

variable

Technological competitiveness 3
ecosystem competitiveness 3
rule-based competitiveness 3
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Table 1. Cont.

Construct Abbreviation Model Role Measurement Dimensions Items

Data–computing
foundation DCF Moderating

variable

Data resources 1
computing resources 1

data governance 1
model-supporting infrastructure 1

Scenario openness SO Moderating
variable

Scenario access 1
field testing 1

user feedback 1
ecosystem collaboration 1

4.3. Data Processing and Analytical Strategy

Before model estimation, the survey data were coded according to the seven-point
Likert scale and screened for completeness. The final dataset contained 266 valid firm-level
observations and 45 core indicators. No missing values were found in the core measurement
items. All indicators were within the expected response range from 1 to 7. The empirical
analysis was conducted in R using the SEMinR package.

Partial Least Squares Structural Equation Modeling was selected rather than covariance-
based structural equation modeling (CB-SEM). Although the sample size of 266 would not
preclude the use of CB-SEM, sample size was not the decisive criterion for method selection.
The present study is prediction-oriented and theory-extending because it integrates AI
embedding, competitive structure reconfiguration, and enterprise competitiveness within
the emerging context of the embodied intelligence industry. The analytical objective is
therefore to explain the variance of the endogenous constructs and estimate the direct,
indirect, and interaction effects, rather than to confirm a fully mature covariance structure
primarily through global model-fit criteria.

The proposed model also contains multiple latent constructs, a mediating mechanism,
and two latent-variable interaction terms. PLS-SEM is well suited to estimating such struc-
turally complex models and is comparatively flexible regarding distributional assumptions.
Accordingly, PLS-SEM was more closely aligned with the study’s theory-extension and predic-
tion objectives, whereas CB-SEM would have been more appropriate if the primary purpose
had been strict confirmation of a well-established theoretical model (Hair et al., 2019, 2021).

The measurement model links each latent construct to its observed indicators. It can
be expressed as:

xic = λcηic + εic

where xic denotes the observed indicators of construct (c) for firm (i), ηic denotes the
latent construct score, λc denotes the indicator loadings, and εic denotes the measurement
error. The measurement model was assessed using indicator loadings, Cronbach’s alpha,
rhoA, composite reliability, average variance extracted, and the heterotrait–monotrait ratio.
Common method bias and collinearity were further assessed using Harman’s single-factor
test, full collinearity VIF, and inner VIF values.

The structural model was specified according to the hypotheses developed in Section 3.
The main model can be expressed as:

CSRi = β1AIEi + ζ1i

ECi = β2AIEi + β3CSRi + ζ2i

where AIEi denotes AI embedding, CSRi denotes competitive structure reconfiguration,
ECi denotes enterprise competitiveness, and ζ1i and ζ2i denote residual terms. This model
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was used to test the direct effect of AI embedding on competitive structure reconfiguration,
the direct effect of competitive structure reconfiguration on enterprise competitiveness, and
the direct effect of AI embedding on enterprise competitiveness.

The mediating effect of competitive structure reconfiguration was tested through the
specific indirect effect from AI embedding to enterprise competitiveness:

IEAIE→CSR→EC = β1 × β3

The total effect of AI embedding on enterprise competitiveness was calculated as the
sum of the direct effect and the indirect effect:

TE = β2 + (β1 × β3)

The variance accounted for was calculated to evaluate the relative size of the mediat-
ing mechanism:

VAF =
IE
TE

=
β1 × β3

β2 + (β1 × β3)

where IE denotes the indirect effect and TE denotes the total effect from AI embedding to
enterprise competitiveness. A significant indirect effect combined with a significant direct
effect indicates partial mediation.

To test the moderating effects of data–computing foundation and scenario openness,
two interaction terms were added to the model. The moderation model can be expressed as:

CSRi = γ1 AIEi + γ2DCFi + γ3SOi + γ4(AIEi × DCFi) + γ5(AIEi × SOi) + ξ1i

ECi = γ6 AIEi + γ7CSRi + ξ2i

where DCFi denotes data–computing foundation and SOi denotes scenario openness.
The interaction term AIEi × DCFi was used to test whether data–computing foundation
strengthens the relationship between AI embedding and competitive structure reconfig-
uration. The interaction term AIEi × SOi was used to test whether scenario openness
strengthens the same relationship. A two-stage interaction approach was used to estimate
the latent-variable moderation effects.

Statistical significance was assessed using bootstrapping with 5000 resamples. Boot-
strapping repeatedly draws samples from the original dataset and recalculates the model
estimates, thereby producing empirical standard errors and confidence intervals without
relying on strict normality assumptions. For a parameter estimate θ̂, the bootstrap standard
error was calculated as:

SE(θ̂) =

√√√√ 1
B − 1

B

∑
b=1

(θ̂
(b) − θ)

2

where (B = 5000), θ̂(b) denotes the parameter estimate from bootstrap resample (b), and θ

denotes the mean of the bootstrap estimates. The t statistic was calculated as:

t =
θ̂

SE(θ̂)

The 95% confidence interval was obtained from the 2.5% and 97.5% percentiles of the
bootstrap distribution. A direct effect, indirect effect, or interaction effect was considered
statistically significant when the confidence interval did not include zero and the p value
met the conventional significance threshold.

The empirical procedure therefore followed four steps. First, the measurement model
was evaluated to ensure that the latent constructs were measured reliably and could be
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empirically distinguished from each other. Second, the direct structural paths were tested
to examine the relationships among AI embedding, competitive structure reconfiguration,
and enterprise competitiveness. Third, the specific indirect effect was tested to evaluate the
mediating role of competitive structure reconfiguration. Fourth, the two interaction effects
were tested to examine whether data–computing foundation and scenario openness served
as boundary conditions.

4.4. Methodological Limitations

Several methodological notes should be considered when interpreting the results. First,
this study uses cross-sectional survey data, so the empirical results should be interpreted
as evidence of theoretical associations rather than definitive causal proof over time. Second,
the data are based on firm-level survey responses. Although respondents were selected
based on their knowledge of firm practices, subjective judgment cannot be completely
eliminated. Third, the study focuses on firms related to the embodied intelligence industry,
so the findings are most applicable to industries characterized by AI–hardware integra-
tion, scenario-based learning, ecosystem interdependence, and control-point competition.
Fourth, the study adopted criterion-based purposive sampling rather than probability
sampling. Although the sample covered multiple industry-chain positions and major
regional clusters, it should not be interpreted as statistically representative of the entire
population of embodied intelligence firms in China. The generalizability of the findings
should therefore be assessed cautiously.

5. Results
5.1. Sample Profile and Data Screening

The final sample consisted of 266 firm-level observations. Each firm provided one valid
questionnaire, and all core measurement items were complete. The sampled firms covered
the main positions of the embodied intelligence industry chain, including algorithm models
and software platforms, core components and sensing/control systems, robot bodies and
system integration, and scenario applications and ecosystem services. Geographically, the
firms were mainly located in the Hangzhou/Zhejiang area, Suzhou area, and Shanghai
area, reflecting the concentration of embodied intelligence-related firms in the Yangtze
River Delta. Table 2 reports the sample distribution by industry-chain position and region.

Table 2. Sample distribution by industry-chain position and region.

Category Subcategory Number Percentage

Industry-chain position

Algorithm models, software platforms,
simulation systems, and data platforms 59 22.2%

Core components, sensors, controllers,
chips, drives, and vision systems 59 22.2%

Robot bodies, intelligent equipment, and
system integration 94 35.3%

Scenario applications, industrial
platforms, pilot-scale platforms, and

ecosystem services
54 20.3%

Total 266 100.0%

Region

Hangzhou/Zhejiang area 92 34.6%
Suzhou area 84 31.6%

Shanghai area 89 33.5%
Other region 1 0.4%

Total 266 100.0%
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5.2. Measurement Model Assessment

Before testing the structural relationships, the measurement model was assessed
to ensure that the latent constructs were measured reliably and could be empirically
distinguished from one another. This step was necessary because the research model
contains several multi-item constructs, including AI embedding, competitive structure
reconfiguration, enterprise competitiveness, data–computing foundation, and scenario
openness. The assessment focused on indicator loadings, internal consistency reliability,
convergent validity, and discriminant validity.

5.2.1. Indicator Loadings and Item Reliability

Indicator loadings were first examined to assess whether each item adequately re-
flected its corresponding construct. As shown in Table 3, most indicator loadings exceeded
the commonly recommended threshold of 0.708. Several items were slightly below this
threshold, such as AIE2, AIE8, AIE10, CSR5, CSR12, DCF4, and SO2. However, these items
were retained for two reasons. First, their loadings remained within an acceptable range
for exploratory and theory-developing research, except for DCF4, which still captured an
important aspect of data governance. Second, the construct-level reliability and AVE values
reported in the next subsection were satisfactory. Retaining these items therefore helped
preserve the theoretical coverage and content validity of the constructs.

Table 3. Indicator loadings.

Construct Item Loading

AIE AIE1 0.740
AIE AIE2 0.660
AIE AIE3 0.826
AIE AIE4 0.820
AIE AIE5 0.721
AIE AIE6 0.758
AIE AIE7 0.805
AIE AIE8 0.706
AIE AIE9 0.783
AIE AIE10 0.702
AIE AIE11 0.746
AIE AIE12 0.788
CSR CSR1 0.740
CSR CSR2 0.794
CSR CSR3 0.828
CSR CSR4 0.843
CSR CSR5 0.691
CSR CSR6 0.752
CSR CSR7 0.767
CSR CSR8 0.747
CSR CSR9 0.851
CSR CSR10 0.842
CSR CSR11 0.790
CSR CSR12 0.697
CSR CSR13 0.734
CSR CSR14 0.721
CSR CSR15 0.779
EC EC1 0.821
EC EC2 0.817
EC EC3 0.817
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Table 3. Cont.

Construct Item Loading

EC EC4 0.820
EC EC5 0.797
EC EC6 0.809
EC EC7 0.784
EC EC8 0.781
EC EC9 0.800

DCF DCF1 0.849
DCF DCF2 0.829
DCF DCF3 0.738
DCF DCF4 0.583
SO SO1 0.716
SO SO2 0.690
SO SO3 0.792
SO SO4 0.735

Overall, the loading results indicated that the items were sufficiently associated with
their intended constructs. The few relatively lower loadings did not undermine the mea-
surement model because the corresponding constructs still met the criteria for internal
consistency and convergent validity.

5.2.2. Internal Consistency and Convergent Validity

Internal consistency reliability was assessed using Cronbach’s alpha, rhoA, and com-
posite reliability. Convergent validity was assessed using average variance extracted. As
shown in Table 4, all Cronbach’s alpha values exceeded 0.70, ranging from 0.720 to 0.952.
The rhoA values ranged from 0.743 to 0.954, and the composite reliability values ranged
from 0.824 to 0.957. These results indicated satisfactory internal consistency.

Table 4. Internal consistency and convergent validity.

Construct Cronbach’s
Alpha rhoA Composite

Reliability AVE

AIE 0.931 0.935 0.941 0.572
CSR 0.952 0.954 0.957 0.598
EC 0.932 0.933 0.943 0.649

DCF 0.772 0.859 0.840 0.573
SO 0.720 0.743 0.824 0.540

The AVE values for all constructs exceeded the recommended threshold of 0.50. Specif-
ically, the AVE values were 0.572 for AIE, 0.598 for CSR, 0.649 for EC, 0.573 for DCF, and
0.540 for SO. These results indicated that each construct explained more than half of the
variance of its indicators on average. Therefore, the measurement model demonstrated
adequate convergent validity.

5.2.3. Discriminant Validity

Discriminant validity was assessed using the heterotrait–monotrait ratio. As shown
in Table 5, all HTMT values were below 0.85, indicating satisfactory discriminant validity
among the constructs. The highest HTMT value was 0.611 between CSR and EC, which
was still well below the recommended threshold.

This result is particularly important for the present study. Competitive structure
reconfiguration was designed as a process-oriented mediating construct, whereas enter-
prise competitiveness was designed as an outcome-oriented construct. The HTMT value

https://doi.org/10.3390/admsci16070352

https://doi.org/10.3390/admsci16070352


Adm. Sci. 2026, 16, 352 19 of 35

between CSR and EC was 0.611, indicating that the mediating mechanism and the outcome
variable were empirically distinguishable. This supports the measurement design of the
study and reduces the concern that competitive structure reconfiguration and enterprise
competitiveness measured the same underlying concept.

Table 5. Discriminant validity based on HTMT.

Construct AIE DCF SO CSR EC

AIE -
DCF 0.372 -
SO 0.370 0.598 -

CSR 0.586 0.176 0.116 -
EC 0.561 0.215 0.175 0.611 -

5.2.4. Common Method Bias and Collinearity Assessment

Because the data were collected through a single questionnaire, common method
bias was assessed using both Harman’s single-factor test and the full collinearity VIF
approach. As shown in Table 6, the first unrotated factor in Harman’s single-factor test
explained 35.64% of the total variance, which was below the commonly used threshold of
50%. In addition, following Kock (2015), full collinearity VIF values were calculated for
all latent constructs. The full collinearity VIF values ranged from 1.309 to 1.765, all below
the recommended threshold of 3.3. These results indicate that common method bias was
unlikely to seriously affect the empirical results.

Table 6. Common method bias and collinearity assessment.

Assessment Indicator Value Recommended
Threshold Conclusion

Harman’s single-factor test Variance explained by the
first unrotated factor 35.64% <50% Acceptable

Full collinearity VIF AIE 1.765 <3.3 Acceptable
Full collinearity VIF CSR 1.734 <3.3 Acceptable
Full collinearity VIF EC 1.645 <3.3 Acceptable
Full collinearity VIF DCF 1.312 <3.3 Acceptable
Full collinearity VIF SO 1.309 <3.3 Acceptable

Inner VIF: predictors of CSR AIE 1.153 <3.3 Acceptable
Inner VIF: predictors of CSR DCF 1.311 <3.3 Acceptable
Inner VIF: predictors of CSR SO 1.299 <3.3 Acceptable
Inner VIF: predictors of EC AIE 1.437 <3.3 Acceptable
Inner VIF: predictors of EC CSR 1.437 <3.3 Acceptable

Collinearity among the structural predictors was also assessed. The inner VIF values
for the predictors of competitive structure reconfiguration ranged from 1.153 to 1.311, while
the VIF values for the predictors of enterprise competitiveness were both 1.437. All values
were well below the recommended threshold, indicating that multicollinearity was not a
serious concern in the structural model.

Taken together, the measurement model assessment showed that the constructs had
acceptable indicator reliability, satisfactory internal consistency, adequate convergent valid-
ity, clear discriminant validity, and no serious common method bias or multicollinearity
concerns. Therefore, the data were suitable for subsequent structural model testing.
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5.3. Structural Model Assessment

After confirming the adequacy of the measurement model, the structural model was
assessed to test the hypothesized relationships among AI embedding, competitive structure
reconfiguration, and enterprise competitiveness. This step examined the explanatory
power of the endogenous constructs and the direct effects specified in H1, H2, and H3. The
significance of the path coefficients was evaluated using bootstrapping with 5000 resamples.

5.3.1. Explanatory Power of the Endogenous Constructs

Table 7 reports the explanatory power of the structural model. AI embedding ex-
plained 31.0% of the variance in competitive structure reconfiguration, while AI embedding
and competitive structure reconfiguration jointly explained 39.7% of the variance in en-
terprise competitiveness. These results indicate meaningful explanatory capacity for an
emerging-industry model, while also suggesting that additional technological, organiza-
tional, and environmental factors may account for the remaining variance.

Table 7. Explanatory power of endogenous constructs.

Endogenous Construct Predictor(s) R2 Adjusted R2

Competitive structure reconfiguration AI embedding 0.310 0.308

Enterprise competitiveness AI embedding; competitive
structure reconfiguration 0.397 0.392

5.3.2. Direct Effects Among AI Embedding, Competitive Structure Reconfiguration, and
Enterprise Competitiveness

Table 8 shows that all three direct structural relationships were positive and statis-
tically significant. AI embedding had a stronger association with competitive structure
reconfiguration (β = 0.557) than with enterprise competitiveness directly (β = 0.297), while
competitive structure reconfiguration also made a substantial contribution to enterprise
competitiveness (β = 0.414). Accordingly, H1, H2, and H3 were supported. Full bootstrap
statistics and confidence intervals are reported in Table 8.

Table 8. Direct structural path results.

Hypothesis Path Standardized
Coefficient (β) t-Value 95% CI p-Value Result

H1 AIE → EC 0.297 5.822 [0.202, 0.400] <0.001 Supported
H2 AIE → CSR 0.557 13.267 [0.474, 0.639] <0.001 Supported
H3 CSR → EC 0.414 8.141 [0.312, 0.511] <0.001 Supported

Note: Standardized coefficients are reported. Bootstrapping was performed using 5000 resamples. CI = confi-
dence interval.

These direct-effect results establish the structural conditions required for the subsequent
mediation analysis; their broader theoretical implications are considered in Section 6.1.

5.4. Mediation Analysis: The Role of Competitive Structure Reconfiguration

The theoretical framework of this study argues that AI embedding affects enterprise
competitiveness not only directly, but also indirectly through competitive structure recon-
figuration. Therefore, after confirming the direct structural paths, the mediating effect of
competitive structure reconfiguration was tested using the specific indirect effect from AI
embedding to enterprise competitiveness through competitive structure reconfiguration.

Table 9 shows that the indirect effect of AI embedding on enterprise competitiveness
through competitive structure reconfiguration was positive and statistically significant
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(β = 0.231), supporting H4. The complete bootstrap statistics and confidence interval are
reported in Table 9.

Table 9. Mediation effect of competitive structure reconfiguration.

Hypothesis Indirect Path Indirect
Effect

Bootstrap
Mean t-Value 95% CI p-Value Result

H4 AIE → CSR → EC 0.231 0.232 7.247 [0.171, 0.297] <0.001 Supported
Note: The indirect effect was assessed using bootstrapping with 5000 resamples. CI = confidence interval;
VAF = variance accounted for.

The direct effect remained significant after the mediator was included, and the indirect
effect accounted for 43.7% of the total effect. Competitive structure reconfiguration therefore
represents a partial rather than full mediator. The substantive meaning of this mediation
mechanism is discussed in Section 6.1.

VAF = indirect effect/total effect = 0.231/0.528 = 43.7%.

5.5. Moderation Analysis: Data–Computing Foundation and Scenario Openness

This study further examined whether data–computing foundation and scenario open-
ness strengthened the relationship between AI embedding and competitive structure
reconfiguration. Two interaction terms were added to the model: AI embedding × data–
computing foundation and AI embedding × scenario openness. The moderation model
explained 32.9% of the variance in competitive structure reconfiguration and 39.7% of the
variance in enterprise competitiveness.

Table 10 shows that neither proposed interaction effect was statistically supported. The
interaction between AI embedding and data–computing foundation was small and positive
(β = 0.036), whereas the interaction between AI embedding and scenario openness was
negative (β = −0.136). Because the corresponding bootstrap confidence intervals included
zero, H5 and H6 were not supported. Full statistical results are reported in Table 10, while
the theoretical implications of these null findings are discussed in Section 6.1.

Table 10. Moderation effect results.

Hypothesis Interaction Path Standardized
Coefficient (β) t-Value 95% CI p-Value Result

H5 AIE × DCF → CSR 0.036 0.653 [−0.091, 0.128] 0.700 Not supported
H6 AIE × SO → CSR −0.136 −2.090 [−0.235, 0.019] 0.097 Not supported

Note: Standardized interaction coefficients are reported. Bootstrapping was performed using 5000 resamples.
CI = confidence interval.

5.6. Summary of Hypothesis Testing

Table 11 summarizes the hypothesis-testing results. H1–H4 were supported, confirm-
ing the proposed direct and mediating relationships among AI embedding, competitive
structure reconfiguration, and enterprise competitiveness. H5 and H6 were not supported,
indicating that the two proposed moderating effects were not statistically established.

To facilitate visual interpretation of the empirical findings, Figure 2 summarizes the
estimated structural relationships. The figure displays the standardized coefficients for
the direct, mediating, and moderating relationships, together with the explained variance
of the endogenous constructs. Significant structural paths are represented by solid lines,
whereas the unsupported interaction effects are represented by dashed lines.
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Table 11. Summary of hypothesis testing.

Hypothesis Statement Result
H1 AI embedding has a positive effect on enterprise competitiveness. Supported

H2 AI embedding has a positive effect on competitive
structure reconfiguration. Supported

H3 Competitive structure reconfiguration has a positive effect on
enterprise competitiveness. Supported

H4 Competitive structure reconfiguration mediates the relationship
between AI embedding and enterprise competitiveness. Supported

H5
Data–computing foundation positively moderates the
relationship between AI embedding and competitive
structure reconfiguration.

Not supported

H6 Scenario openness positively moderates the relationship between
AI embedding and competitive structure reconfiguration. Not supported

Figure 2. Final structural model with standardized path coefficients. Note: Standardized path
coefficients are reported. Solid paths represent statistically significant relationships, whereas dashed
paths represent non-significant interaction effects. *** p < 0.001; ns = not significant. The indirect
effect of AI embedding on enterprise competitiveness through competitive structure reconfiguration
was 0.231 (p < 0.001), with a VAF of 43.7%.

6. Discussion
6.1. Interpretation of Key Findings

The empirical results yield three principal findings. First, AI embedding is positively
associated with enterprise competitiveness. Second, competitive structure reconfigura-
tion partially mediates this relationship. Third, neither data–computing foundation nor
scenario openness significantly moderates the relationship between AI embedding and
competitive structure reconfiguration. Together, these findings support a process-based
explanation of AI-enabled competitiveness while also revealing limits to the proposed
boundary conditions.

The positive direct effect of AI embedding is consistent with research linking AI
capabilities to innovation, organizational creativity, and firm performance (Mikalef &
Gupta, 2021; Haefner et al., 2021; Babina et al., 2024). The contribution, however, is not
another general AI adoption–performance relationship. The finding shows that the depth
of AI integration into organizational and value-creation activities matters in an industry
where algorithms must be combined with hardware, engineering delivery, and real-world
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interaction. AI embedding therefore captures a form of organizational integration that is
more demanding and less readily imitated than the acquisition or isolated use of AI tools.

The mediation finding provides the principal theoretical insight of the study. Com-
petitive structure reconfiguration explains how internally embedded AI is translated into
changes in the firm’s external competitive architecture. The partial nature of the mediation
is also important: AI embedding retains a direct contribution to competitiveness, while
a substantial proportion of its effect operates through changes in competitive relation-
ships and strategic positions. Competitive structure reconfiguration is therefore neither
an alternative label for AI capability nor another dimension of competitiveness. It is the
intervening process through which internal technological and organizational integration is
converted into externally situated advantage. This extends capability-based explanations
by incorporating the structural conditions under which firms coordinate interdependencies
and capture value.

This mechanism is particularly visible in the Chinese embodied intelligence con-
text. China’s embodied intelligence industry is characterized by dense manufacturing
supply chains, active industrial platforms, rapid scenario experimentation, and strong
regional clustering. In such a context, enterprise competitiveness is not determined by
technological capability alone. Firms must also connect with component suppliers, system
integrators, scenario owners, industrial customers, platform organizations, and public
innovation infrastructures. The finding on competitive structure reconfiguration shows
that AI embedding becomes valuable when it helps firms change their position in this
wider industrial structure.

The non-significant moderating effect of data–computing foundation qualifies the
assumption that greater digital resources necessarily amplify the benefits of AI embedding.
Data and computing resources may operate mainly as threshold conditions: once firms
possess a basic operational foundation, additional resources produce limited incremental
value unless they improve data quality, model–task alignment, engineering reliability, and
organizational learning. Their effect may also depend on complementary capabilities,
including technological integration, managerial coordination, and ecosystem orchestration.
In this sense, resource deployability and governance quality may matter more than resource
quantity. The result therefore suggests that data–computing foundation enables AI use
but does not uniformly strengthen the translation of AI embedding into competitive
structure reconfiguration.

The non-significant moderating effect of scenario openness likewise suggests that
access to application settings does not automatically strengthen the structural consequences
of AI embedding. Open scenarios support testing, feedback, and customer interaction,
but they may also be available to competitors, reduce exclusivity, and accelerate imitation.
Their competitive value depends on whether firms can convert scenario-based learning into
proprietary data, repeatable solutions, customer-specific integration capabilities, interface
positions, or influence over standards. The effect may also be nonlinear or partly cross-level
because scenario openness often reflects regional, platform-level, or institutional conditions.
Thus, scenario access creates opportunity, but appropriability and orchestration determine
whether that opportunity becomes structural advantage.

Taken together, the unsupported moderation hypotheses suggest that resource avail-
ability and environmental opportunity are not sufficient boundary conditions by them-
selves. The conversion of AI embedding into competitive structure reconfiguration may
depend more directly on firms’ capacity to appropriate, orchestrate, and recombine these
resources and opportunities. The null findings therefore narrow the theoretical boundary
of the proposed model and redirect attention from the quantity of enabling conditions
toward the organizational mechanisms through which those conditions are mobilized.
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Overall, the findings support a process-based account in which AI embedding gener-
ates competitive value both directly and through the reconfiguration of the firm’s competi-
tive structure.

6.2. Theoretical Implications

This study makes three theoretical contributions.
First, the study refines the conceptualization of organizational AI by distinguishing AI

embedding from AI adoption. Adoption identifies whether AI technologies are introduced
or used, whereas embedding captures the extent to which AI becomes integrated with
recurring organizational activities and value-creation processes. This distinction shifts
attention from technology possession and usage intensity to the organizational depth of
AI integration. It is particularly relevant to embodied intelligence, where competitive
outcomes depend on the cumulative combination of AI, physical systems, engineering
knowledge, and scenario feedback.

Second, the study introduces competitive structure reconfiguration as a process mech-
anism between AI embedding and enterprise competitiveness. Existing dynamic capability
research primarily explains how firms renew internal resources and routines. The present
framework extends this logic by showing that internal AI integration may also alter the
external conditions and positions through which firms compete. By separating structural
reconfiguration from realized competitiveness, the study provides a clearer explanation of
how capability development is translated into competitive advantage.

Third, the study connects AI management research with innovation ecosystem and
control-point perspectives. Ecosystem research explains interdependence and complemen-
tor coordination, while platform and control-point research explains governance, interfaces,
standards, and value-capture positions. The present findings show that firm-level AI em-
bedding can become an antecedent of changes in these relational and positional structures.
The theoretical contribution therefore lies not merely in applying ecosystem theory to an AI
context, but in explaining how embedded AI may contribute to ecosystem reorganization
and the redistribution of value-capture opportunities.

The Chinese context also enriches the theoretical argument. China’s embodied in-
telligence industry provides a setting in which AI technology, manufacturing capability,
scenario experimentation, and regional innovation ecosystems are closely intertwined.
This context helps reveal a mechanism that may be less visible in purely software-based
AI settings: AI-enabled competitiveness depends on the firm’s ability to connect tech-
nology embedding with industrial-chain coordination, scenario learning, and control-
point occupation. Thus, China is not only the empirical site of this study; it is also a
theoretically meaningful context for understanding how AI generates competitiveness in
emerging industries.

6.3. Practical Implications

The findings have several implications for managers and policymakers.
For managers of embodied intelligence firms, the first implication is that AI should

not be treated as an isolated technical tool. Firms need to embed AI into R&D, product
design, decision-making, internal coordination, scenario development, and field feed-
back. Fragmented AI use may improve local efficiency, but it is unlikely to generate
durable competitiveness.

Second, managers should pay attention to competitive structure reconfiguration. The
mediation result shows that AI embedding improves competitiveness partly by chang-
ing how firms compete and cooperate. Managers should therefore ask whether AI em-
bedding helps the firm reshape entry conditions, identify scenario demand earlier, re-
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organize complementor networks, coordinate ecosystem actors, and occupy key control
points. These questions are more strategic than simply asking whether AI reduces cost or
improves productivity.

Third, firms should not overestimate the automatic value of data and computing
resources. Data–computing foundation is important, but the results show that it does not
automatically amplify the effect of AI embedding on competitive structure reconfiguration.
Firms need to convert data and computing resources into model improvement, product
iteration, engineering reliability, customer insight, and scenario-based learning.

Fourth, firms should treat scenario openness as an opportunity that must be trans-
formed into firm-specific advantage. Open scenarios can support testing, validation, and
demonstration. However, open scenarios may also be accessible to competitors. Firms
need to convert scenario participation into cumulative data, repeatable solutions, customer
relationships, delivery capabilities, and positions in standards, interfaces, or platforms.
Otherwise, scenario openness may produce experimentation without sustained competi-
tive advantage.

For policymakers and ecosystem organizers, the findings suggest that supporting
embodied intelligence firms requires more than providing general infrastructure or open-
ing scenarios. Policy support should help firms build mechanisms for field testing, data
feedback, standard alignment, system integration, and cross-actor coordination. Data, com-
puting power, and scenarios create greater value when they are connected with industrial
application pathways and ecosystem orchestration mechanisms.

6.4. Limitations and Future Research

This study has several limitations.
First, the study used cross-sectional survey data. Although the theoretical framework

specifies directional relationships among AI embedding, competitive structure reconfigura-
tion, and enterprise competitiveness, cross-sectional data cannot fully capture how these
relationships evolve over time. Future research could use longitudinal data to examine
how firms move from AI adoption to AI embedding, and then to ecosystem positioning
and control-point occupation.

Second, the study relied on firm-level survey responses. The questionnaire was
completed by key informants familiar with firm practices, and the measurement model
showed satisfactory reliability and validity. Nevertheless, subjective evaluation cannot be
completely avoided. Future research could combine survey data with objective indicators,
such as patents, product deployment records, standard participation, financing events,
platform partnerships, customer adoption, or revenue growth.

Third, the sample focused on firms related to the embodied intelligence industry in
China, especially firms in the Yangtze River Delta. This focus is appropriate for the research
question, but it also limits generalizability. Future research could compare China with
other innovation systems to examine whether the AI embedding–competitive structure
reconfiguration mechanism operates differently under different institutional, industrial,
and ecosystem conditions.

Fourth, the moderating effects of data–computing foundation and scenario openness
were not statistically supported. Future research should examine whether these conditions
operate through threshold, nonlinear, or configurational mechanisms rather than uniform
linear moderation. For data–computing foundation, subsequent studies could distinguish
resource quantity from data quality, interoperability, governance maturity, model deploy-
ability, and computing-use efficiency. For scenario openness, researchers could separate
access breadth, access exclusivity, learning intensity, and the appropriability of scenario-
generated knowledge. Multilevel designs could also combine firm-level capabilities with
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regional, platform-level, or institutional measures of scenario openness. In addition, alter-
native boundary conditions—including ecosystem orchestration capability, engineering
delivery capability, customer co-development intensity, organizational absorptive capacity,
platform dependence, and standard-setting participation—may more directly determine
when AI embedding produces competitive structure reconfiguration.

Finally, this study conceptualized enterprise competitiveness through technological
competitiveness, ecosystem competitiveness, and rule-based competitiveness. Future
research could further distinguish short-term commercialization performance, long-term
technological leadership, ecosystem centrality, and control over standards or interfaces.
Such refinement would help explain different pathways through which AI embedding
contributes to firm advantage.

Despite these limitations, this study provides evidence that AI embedding is an
important driver of enterprise competitiveness in the embodied intelligence industry and
that competitive structure reconfiguration is a key mechanism linking AI embedding to
firm-level advantage.

7. Conclusions
This study explains how AI embedding contributes to enterprise competitiveness in

the embodied intelligence industry. Based on survey data from 266 firms and PLS-SEM
analysis, the results show that AI embedding directly improves enterprise competitiveness
and also operates indirectly through competitive structure reconfiguration. The mediation
finding indicates that the value of embedded AI arises not only from internal capability
enhancement but also from changes in entry conditions, scenario demand, complementor
relationships, ecosystem orchestration, and control-point allocation. This process helps
firms build technological, ecosystem, and rule-based competitiveness.

The moderating effects of data–computing foundation and scenario openness were not
supported. These results suggest that digital resources and open application settings may
enable AI use without automatically amplifying its structural consequences. Their value
depends on how firms mobilize, govern, and appropriate these resources and opportunities.
Overall, the study advances a process-based explanation of AI-enabled competitiveness
and provides a foundation for future research on nonlinear, configurational, and multilevel
boundary conditions.
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Appendix A. Survey Questionnaire
Questionnaire on AI Embedding and Enterprise Competitiveness in the Embodied Intelligence Industry

Dear respondent,
Thank you for participating in this survey. This questionnaire aims to understand the

actual situation of firms related to the embodied intelligence industry in terms of AI embed-
ding, competitive structure changes, and the formation of enterprise competitiveness. The
questionnaire is used only for academic research. All data will be analyzed anonymously,
and no firm-level or personal information will be disclosed.

This questionnaire takes the firm as the unit of analysis. In principle, only one valid
questionnaire will be retained for each firm. It is recommended that the questionnaire be
completed by a person who is familiar with the firm’s AI application, technology R&D,
product development, scenario expansion, ecosystem cooperation, or strategic management.
Please answer mainly based on the actual situation of your firm over the past three years.
There are no right or wrong answers. Please make your judgment according to the actual
situation of your firm.

The estimated completion time is approximately 10–12 min. Thank you for your support.
A. Screening Questions and Basic Firm Information
A.1. Screening Questions
S1. Is your firm related to embodied intelligence, robotics, intelligent equipment,

AI applications, system integration, intelligent manufacturing, scenario applications, or
related industrial services?

A. Yes
B. No
If you choose “No”, please stop filling in the questionnaire.
S2. Are you familiar with your firm’s AI application, technology R&D, product

development, scenario expansion, ecosystem cooperation, or competitive strategy?
A. Very familiar
B. Relatively familiar
C. Generally familiar
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D. Not very familiar
E. Not familiar at all
If you choose “Not very familiar” or “Not familiar at all”, it is recommended that the

questionnaire be completed by another person who is more familiar with the firm’s situation.
S3. Do you agree that the data from this questionnaire may be used anonymously for

academic research?
A. Agree
B. Disagree
If you choose “Disagree”, please stop filling in the questionnaire.
S4. To avoid repeated responses from the same firm, please provide an anonymous

firm code.
Suggested format: initials of the firm’s abbreviated name + city + any four digits.
Example: YSKJ-HZ-1234. Please do not provide the full name of the firm.
Anonymous firm code: __________
A.2. Basic Firm Information
S5. City where your firm is located:
A. Hangzhou
B. Suzhou
C. Shanghai
D. Other cities in the Yangtze River Delta
E. Other regions
S6. Age of your firm:
A. Less than 3 years
B. 3–5 years
C. 6–10 years
D. 11–20 years
E. More than 20 years
S7. Number of employees in your firm:
A. Fewer than 50 employees
B. 50–99 employees
C. 100–299 employees
D. 300–999 employees
E. 1000 employees or more
S8. Ownership type of your firm:
A. Private enterprise
B. State-owned enterprise
C. Foreign-invested or joint venture enterprise
D. Enterprise incubated by a university or research institute
E. Other
S9. Main position of your firm in the industry chain. Please select the most relevant option.
A. Algorithms, models, software, data platforms, or simulation systems
B. Core components such as sensors, chips, joints, controllers, drivers, or vision systems
C. Robot bodies, intelligent equipment, or intelligent hardware manufacturing
D. Scenario applications, operational services, or industry customer services
S10. Current level of AI application in your firm:
A. No actual application yet; only attention or planning
B. A small number of pilot applications
C. Stable application in some business activities
D. Systematic application in multiple business activities
E. AI has become part of the firm’s core products or core capabilities
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S11. Approximate R&D intensity of your firm:
A. R&D expenditure accounts for less than 3% of operating revenue
B. 3–5%
C. 5–10%
D. 10–20%
E. More than 20%
F. Not sure
S12. Main market scope of your firm:
A. Local market
B. Provincial market
C. Yangtze River Delta market
D. National market
E. Overseas market
A.3. Respondent Information
S13. Your position type in the firm:
A. Firm founder, chief executive, or senior manager
B. Technology R&D manager
C. Product or project manager
D. Digitalization, informatization, or data manager
E. Market, business, or ecosystem cooperation manager
F. Production, operations, or supply chain manager
G. Other
S14. Your working years in this firm:
A. Less than 1 year
B. 1–3 years
C. 3–5 years
D. 5–10 years
E. More than 10 years
S15. Do you directly participate in or understand your firm’s AI application, product

R&D, scenario implementation, or ecosystem cooperation?
A. Directly participate
B. Relatively familiar but not directly responsible
C. Generally familiar
D. Not very familiar
E. Not familiar at all
B. Core Measurement Items
The following items use a seven-point Likert scale. Please select the option that best

reflects the actual situation of your firm over the past three years.
1 = Strongly disagree
2 = Relatively disagree
3 = Slightly disagree
4 = Neutral/uncertain
5 = Slightly agree
6 = Relatively agree
7 = Strongly agree
B.1. AI Embedding Intensity
AI embedding intensity refers to the extent to which AI is integrated into key firm

activities such as R&D innovation, business decision-making, organizational coordination,
and scenario development.

B.1.1. R&D Innovation Embedding
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AIE1. Over the past three years, AI has been used in the core R&D or product
development activities of our firm.

AIE2. Our firm uses AI to assist the design and iteration of algorithms, software–
hardware systems, or product solutions.

AIE3. Our firm uses AI for simulation testing, prototype validation, performance
optimization, or technical trial and error.

B.1.2. Decision-Support Embedding
AIE4. Our firm uses AI to assist in identifying market demand, customer demand, or

scenario opportunities.
AIE5. Our firm uses AI to support resource allocation, project selection, operations

management, or risk assessment.
AIE6. AI has become an important supporting tool for our firm in judging technology

routes, product routes, or market directions.
B.1.3. Organizational Coordination Embedding
AIE7. Our firm uses AI to improve information coordination among R&D, product,

production, sales, and service departments.
AIE8. Our firm uses AI to support knowledge sharing, project collaboration, or internal

process optimization.
AIE9. Our firm has formed a certain mode of human–AI collaboration, rather than

only using AI tools in a scattered manner.
B.1.4. Scenario-Development Embedding
AIE10. Our firm uses AI to identify, develop, or evaluate real application scenarios.
AIE11. Our firm can use scenario data feedback to improve products, algorithms,

or solutions.
AIE12. The AI applications of our firm have been integrated with specific industry

scenarios, customer scenarios, or on-site tasks.
B.2. Competitive Structure Reconfiguration
Competitive structure reconfiguration refers to the process through which the entry

conditions, scenario demand, complementor relationships, ecosystem coordination modes,
and key control points in the firm’s competitive environment change during AI embedding.

B.2.1. Entry-Condition Change
CSR1. Over the past three years, the competitive threshold in our business field has

increasingly depended on data resources, algorithmic models, simulation testing, and
system integration capabilities.

CSR2. Firms lacking AI application capability and engineering implementation capa-
bility have found it more difficult to gain customer recognition or project opportunities in
this field.

CSR3. The evaluation criteria for competition in this field are shifting from single
products, equipment, or prices toward integrated capabilities in technology, scenarios,
delivery, and coordination.

B.2.2. Scenario-Driven Demand
CSR4. Feedback from real application scenarios is influencing the technology route

and product definition of our firm.
CSR5. Access to, testing of, and validation in scenario resources are becoming impor-

tant links in product iteration and commercialization for our firm.
CSR6. Customer on-site data, task feedback, and trial operation results are changing

the way our firm collaborates with customers or partners.
B.2.3. Complementor Network Reorganization
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CSR7. Around AI application and scenario implementation, our firm has developed
closer collaboration with algorithm providers, component suppliers, system integrators,
platforms, or scenario owners.

CSR8. Our firm adjusts its key partner portfolio according to the needs of scenario
development and technology integration.

CSR9. The cooperative relationship between our firm and complementors is shifting
from one-time transactions toward joint development, joint testing, or continuous iteration.

B.2.4. Ecosystem Orchestration Change
CSR10. Our firm more frequently coordinates multiple types of external actors in

project development or scenario implementation.
CSR11. Platform cooperation, joint R&D, scenario co-construction, or ecosystem

alliances are becoming important ways for our firm to participate in competition.
CSR12. The role of our firm in the industrial ecosystem is shifting from a single product

or service provider toward a system-solution participant or coordination organizer.
B.2.5. Key Rules and Control-Point Allocation
CSR13. Interfaces, standards, data entry points, platform entry points, or scenario

entry points are becoming key positions in competition in this field.
CSR14. Our firm is adjusting resource allocation around key data, platform interfaces,

testing and validation resources, or scenario entry points.
CSR15. The acquisition and allocation of key control points are changing the competi-

tive relationships among firms in this field.
B.3. Enterprise Competitiveness
Enterprise competitiveness refers to the relative advantages that a firm develops

compared with its main competitors in technology development and iteration, ecosystem
cooperation and resource connection, and rule participation and value capture.

B.3.1. Technological Competitiveness
EC1. Compared with major competitors, our firm has stronger capabilities in key

algorithms, software–hardware integration, or system performance.
EC2. Compared with major competitors, our firm can complete technology iteration,

engineering optimization, and product upgrading more quickly.
EC3. Compared with major competitors, our firm is more capable of integrating

algorithms, hardware, software, and real scenario demand into deliverable solutions.
B.3.2. Ecosystem Competitiveness
EC4. Compared with major competitors, our firm is more capable of attracting

suppliers, customers, platforms, scenario owners, or research institutions to participate
in cooperation.

EC5. Compared with major competitors, our firm has stronger resource-connection
capability and cooperation-organization capability in the industrial ecosystem.

EC6. Compared with major competitors, our firm is more capable of achieving product
implementation, market expansion, and continuous iteration through ecosystem cooperation.

B.3.3. Rule-Based Competitiveness
EC7. Compared with major competitors, our firm is more capable of participating in or

influencing industry standards, technical specifications, interface rules, or application rules.
EC8. Compared with major competitors, our firm has a more favorable position in key

data, platform interfaces, scenario entry points, or customer entry points.
EC9. Compared with major competitors, our firm is more capable of obtaining value

from standards, interfaces, platforms, data, or scenario entry points.
B.4. Data–Computing Foundation
Data–computing foundation refers to the data resources, computing conditions, and

data governance capability required to support AI applications.
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DCF1. Our firm has data resources that can be continuously accumulated and accessed.
DCF2. Our firm has computing power, cloud platforms, or computing infrastructure

required to support AI applications.
DCF3. The data of our firm can support model training, algorithm optimization,

product iteration, or scenario analysis.
DCF4. Our firm has established relatively standardized mechanisms for data collection,

management, cleaning, and use.
B.5. Scenario Openness
Scenario openness refers to the degree to which a firm can access real application

scenarios, conduct testing and validation, obtain on-site feedback, and carry out demon-
stration applications.

SO1. Our firm can access real application scenarios for testing, validation, or demonstration.
SO2. Customers, industrial parks, government platforms, or industry partners are

willing to open application scenarios to our firm.
SO3. Our firm can obtain continuous data feedback, task feedback, or user feedback

in real scenarios.
SO4. Our firm has opportunities to conduct testing, pilots, or demonstration applica-

tions in different types of scenarios.
C. Supplementary Control Variables and Extended Items
The following items are used to control for differences in external position, institutional

environment, and resource base. They mainly serve follow-up robustness tests, subgroup
analyses, or extended analyses, and are not treated as core latent variables in the main
model of this study.

C.1. Ecosystem Position
Ecosystem position refers to the role position of a firm in the industry chain, innovation

ecosystem, or project cooperation network.
EP1. Our firm has a clear role position in the industry chain or innovation ecosystem.
EP2. Our firm maintains relatively stable cooperative relationships with key customers,

suppliers, platforms, scenario owners, or research institutions.
EP3. Our firm frequently participates in joint development, testing and validation, or

project implementation across firms, institutions, or scenarios.
EP4. In major cooperative projects, our firm usually undertakes a clear role in technol-

ogy, product, integration, scenario, or service activities.
C.2. Institutional Support
Institutional support refers to the degree to which a firm receives policy, project,

funding, resource-connection, or industrial-service support from governments, industrial
parks, industry platforms, or public service systems.

IS1. Over the past three years, our firm has received policy, project, funding, or service
support from governments, industrial parks, or industry platforms.

IS2. The region where our firm is located provides good industrial service conditions
for firms related to AI, robotics, or embodied intelligence.

IS3. Our firm can obtain external resource-connection opportunities through policy
projects, industrial activities, industrial-park platforms, or industry organizations.

IS4. The institutional environment in the region where our firm is located supports the
R&D, testing, and implementation of AI products or embodied intelligence applications.

C.3. Firm Resource Base
Firm resource base refers to the talent, technology, and funding conditions on

which a firm relies to carry out AI application, technology R&D, product iteration, and
market expansion.
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FRB1. Our firm has R&D, engineering, or digital talent to support AI applications or
embodied intelligence business development.

FRB2. Our firm has technological accumulation related to AI, robotics, intelligent
equipment, or scenario applications.

FRB3. Our firm has the financial conditions to continuously invest in R&D, product
iteration, and market expansion.

FRB4. Our firm has an organizational foundation for integrating technology, products,
and market demand.

D. Quality Control Questions
To ensure the quality of the questionnaire, please answer carefully according to the

actual situation. There are no right or wrong answers. All information will be used only for
anonymous statistical analysis.

QC1. To ensure questionnaire quality, please select “5 = Slightly agree” for this item.
1 = Strongly disagree
2 = Relatively disagree
3 = Slightly disagree
4 = Neutral/uncertain
5 = Slightly agree
6 = Relatively agree
7 = Strongly agree
QC2. How familiar are you with the AI application, technology R&D, scenario

expansion, ecosystem cooperation, and competitive situation of the firm covered by
this questionnaire?

A. Very familiar
B. Relatively familiar
C. Generally familiar
D. Not very familiar
E. Not familiar at all
QC3. When completing this questionnaire, your answers were mainly based on:
A. Actual business operations and project experience of the firm
B. Internal firm materials or work records
C. Personal overall impression
D. External public information
E. Not very sure
E. Open-Ended Questions
O1. What do you think is the biggest obstacle currently restricting the deeper applica-

tion of AI in your firm?
O2. What do you think is the most important source of competition for your firm in

embodied intelligence-related business?
O3. In your view, how do real application scenarios mainly influence your firm’s

technology R&D, product iteration, or commercialization?
F. Closing Statement
Thank you for your support. All information in this questionnaire will be used only

for academic research. The research results will be presented in an anonymous statistical
form, and no firm-level or personal identity information will be disclosed. If you would
like to receive a summary of the research results, you may leave your contact information
separately on the questionnaire submission page. Contact information will be stored
separately from the questionnaire data and will not be included in the statistical analysis.
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