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Abstract

How non-dominant specialized firms sustain systemic innovation influence in modular
service ecosystems without occupying architectural control positions remains theoretically
underdeveloped. This study develops a dual-path Resource–Strategy–Capability (R–S–C)
mechanism framework to explain how structurally distinct network positions generate
divergent innovation trajectories among non-dominant firms. The empirical analysis draws
on large-scale patent collaboration network data from China’s autonomous driving indus-
try, covering 26 hidden champion firms and 14 global leading enterprises across 2009–2023.
The framework identifies two divergent pathways: firms occupying structural hole posi-
tions adopt specialization-deepening strategies that build module-anchoring capabilities,
while firms with high betweenness centrality adopt T-shaped strategies that build interface-
bridging capabilities—both enabling systemic influence without architectural control. To
make the resource construct theoretically precise, the framework distinguishes four cate-
gories of network-derived resources operative in the R–S–C mechanism—informational,
coordination, reputational, and module-definition resources—and specifies three micro-
foundational processes through which strategic orientation translates into capability: expe-
riential learning, codification of routines, and legitimation through external recognition.
Institutional policy environments moderate these mechanisms by reshaping network struc-
tural heterogeneity rather than directly driving firm outcomes. The study challenges the
canonical prediction of structural hole theory by demonstrating that brokerage positions
generate specialization deepening rather than scope expansion when absorptive capacity
constraints are binding, extends service ecosystem theory by introducing non-dominant
firm pathways to systemic value co-creation, and reframes institutional policy as a network-
structural moderator with transferable implications beyond the Chinese context.

Keywords: systemic innovation; service ecosystems; hidden champions; innovation net-
works; R–S–C mechanism; autonomous driving; modular systems

1. Introduction
Service ecosystems increasingly depend on modular technological infrastructures in

which value creation is distributed across a diverse set of specialized actors rather than
concentrated in a single orchestrating platform. In technology-intensive sectors such as au-
tonomous driving, system-level outcomes—from perception accuracy to real-time decision-
making—emerge from the coordinated contributions of numerous specialized firms that
supply critical hardware modules, algorithmic subsystems, and integration interfaces.
These firms rarely occupy architectural control positions, yet their innovations determine
system performance, interface compatibility, and the overall trajectory of the ecosystem.
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Understanding how such non-dominant specialized firms sustain systemic influence within
service ecosystems represents a theoretically consequential and practically urgent challenge,
yet it remains insufficiently addressed in the innovation management literature.

Prior research on service ecosystems has predominantly examined how platform
leaders orchestrate value co-creation among actors with varying degrees of complementar-
ity [1,2]. While this tradition illuminates the logic of platform governance and ecosystem co-
ordination, it offers limited insight into the role of non-dominant specialized firms—defined
here as firms that supply essential technological capabilities to the ecosystem while lacking
architectural control, system-level governance authority, or dominant market position. In
parallel, the hidden champions literature [3–5] characterizes specialized niche firms by
their focus and depth advantages but treats them largely as homogeneous niche players,
overlooking substantial heterogeneity in how such firms are structurally embedded in
collaboration networks. As a result, the mechanisms through which non-dominant firms
translate localized technological expertise into sustained system-level influence remain
poorly understood.

A critical yet underexplored dimension of this challenge concerns the role of innova-
tion network position. In complex modular systems, the value of a firm’s technological
specialization is not intrinsic but contingent—it depends on whether that firm’s knowledge
can be accessed, recombined, and integrated across organizational boundaries [6,7]. Net-
work position therefore operates as a structural condition that shapes resource availability,
constrains strategic options, and channels capability development over time. For non-
dominant firms that lack scale-based bargaining power, variation in network position may
explain why some firms progressively expand their systemic influence while others remain
confined to peripheral roles despite comparable technological capabilities. Yet existing
studies have not theorized how distinct network positions translate into differentiated
innovation strategies and capability profiles among specialized non-dominant actors.

Institutional environments add a further layer of complexity. Policy conditions do not
merely provide external incentives; they alter the structural opportunities embedded in
innovation networks by reshaping collaboration possibilities and coordination costs. This
is particularly salient in China’s autonomous driving industry, where targeted state-led
industrial policies have catalyzed inter-organizational collaboration at an unusual scale and
speed. Yet the literature has tended to treat policy either as a direct performance driver or
as a contextual backdrop, rather than theorizing how institutional conditions interact with
network structure to amplify or constrain non-dominant firms’ strategic options. Clarifying
this interaction is important not only for understanding China’s innovation ecosystem but
also for developing transferable insights into how institutional environments shape the
systemic influence of specialized firms more broadly.

To address these gaps, this study develops a networked growth perspective grounded
in a Resource–Strategy–Capability (R–S–C) mechanism framework. The core argument
is that non-dominant firms’ positions within innovation collaboration networks system-
atically shape their access to heterogeneous knowledge resources, which in turn condi-
tions their technological strategies and the forms of capability they develop over time.
Rather than treating all specialized firms as equivalent niche players, the framework
identifies how structurally distinct network positions—characterized respectively by bro-
kerage across disconnected knowledge domains and by mediation across tightly coupled
module-level flows—generate different resource profiles, strategic orientations, and sys-
temic innovation contributions. Crucially, the framework extends prior network theories
by specifying why structural holes lead to deeper specialization rather than broader scope
in knowledge-intensive modular contexts, and why betweenness centrality generates
interface-bridging capabilities rather than simply reflecting the selection effects of high-

https://doi.org/10.3390/systems14050558

https://doi.org/10.3390/systems14050558


Systems 2026, 14, 558 3 of 41

quality firms. This study thus responds to recent calls for mechanism-oriented research
on how firms contribute to ecosystem-level innovation without occupying dominant or
platform-orchestrating roles [8,9].

Empirically, the study illustrates the dual-path mechanism using patent collabora-
tion and inter-organizational network data spanning 2009–2023. This context provides
unusual analytical leverage: it combines a clearly modular system architecture with a di-
verse population of non-dominant component specialists, rapid network evolution driven
by policy-induced collaboration, and observable patent-level evidence of technological
strategies. This study is mechanism-oriented rather than causality-identifying: the patent
network analyses are designed to provide descriptive evidence consistent with the pro-
posed dual-path framework, rather than formal causal estimates of its component effects.
Endogeneity—specifically the possibility that unobserved firm quality drives both network
position and innovation outcomes—is explicitly acknowledged as a limitation that future
panel designs with exogenous positional variation should address.

This study advances two focused research questions:
RQ1 (Mechanism): In modular service ecosystems, how do structurally distinct net-

work positions shape non-dominant firms’ resource access, technological strategies, and
systemic innovation capabilities through the R–S–C mechanism?

RQ2 (Contingency): How does the institutional environment moderate the relationship
between network position and non-dominant firms’ systemic innovation contributions,
and under what conditions do policies amplify or constrain these effects?

The study makes three contributions to the literature on systemic innovation in service
ecosystems and innovation networks. First, it advances the service ecosystem literature
by theorizing and empirically documenting the role of non-dominant specialized firms
as systemic innovation enablers—actors whose contributions to ecosystem-level value
creation depend not on platform governance but on structurally differentiated network
embeddedness. Second, it extends network-based theories of innovation strategy by
developing mechanism-level propositions that specify when and why distinct structural
positions generate different forms of technological specialization and interface capability,
moving beyond descriptive associations between centrality and performance. Specifically,
this study challenges the canonical prediction of structural hole theory—that brokerage
positions lead to scope expansion—by demonstrating that the same structural position
generates the opposite strategic response among non-dominant firms when absorptive
capacity constraints are binding. Third, by treating institutional conditions as network-
structural moderators rather than direct performance drivers, the study offers a transferable
analytical lens for understanding how policy environments interact with collaboration
network structure to shape firm-level innovation strategy—with implications extending
beyond the Chinese context to other policy-intensive innovation ecosystems.

The remainder of the paper proceeds as follows. Section 2 reviews the theoretical
foundations and develops the R–S–C mechanism framework. Section 3 describes the data,
operationalization of hidden champions, and empirical methods, including endogeneity
considerations. Section 4 presents empirical results. Section 5 discusses the findings in
relation to the research questions and their implications for the management of systemic
innovation in service ecosystems. Section 6 concludes.

2. Theoretical Background
2.1. Hidden Champions as Non-Dominant Firms in Modular Systems

Hidden champions are typically described as firms that occupy leading positions
within narrowly defined technological or product niches while remaining non-dominant
in terms of firm size, market visibility, or system-level control [5]. Prior research has
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associated such firms with sustained specialization, deep technological expertise, and
long-term investment in specific domains, demonstrating that competitive advantage
can be achieved without scale-based dominance. While this literature provides valuable
descriptive insights into firm characteristics and performance outcomes [5], it offers limited
explanation of how non-dominant firms influence innovation beyond their immediate
market segments, particularly in industries characterized by complex and modular system
architectures [10].

This limitation becomes salient in complex system industries, where innovation out-
comes depend not only on the performance of individual components but also on their
interoperability across tightly coupled subsystems. In such contexts, many hidden cham-
pions are positioned within foundational technological modules rather than at the level
of system integration or architectural coordination. These firms typically specialize in
components, subsystems, or enabling technologies that must interface with multiple actors
and system configurations. As a result, their technological decisions affect compatibility,
recombination possibilities, and the feasibility of downstream innovation, even though
they do not control end products or platforms.

Recent studies have highlighted strategic tensions faced by non-dominant firms op-
erating in modular environments [11], particularly regarding the balance between deep
specialization [12] and broader technological scope [13,14]. Research emphasizing special-
ization underscores its role in enabling efficiency and innovation depth, whereas studies
advocating diversification stress adaptability in environments marked by technological
convergence. More integrative approaches suggest that firms may combine depth and
breadth through T-shaped technological strategies [15]. However, this line of work largely
treats specialization and diversification as internal strategic choices [16], offering limited
insight into how such strategies generate sustained influence under structural constraints
imposed by modular system architectures.

What remains underexplored is how non-dominant firms transform localized techno-
logical expertise into system-level influence through interorganizational interactions. In
modular systems, the value of specialization is contingent on how specialized modules are
connected, mobilized, and recombined across organizational boundaries. Network position
therefore becomes a critical factor shaping whether specialized knowledge remains con-
fined to a niche or contributes to broader system evolution [17]. Without considering firms’
embedding in innovation networks [18], it is difficult to explain why some non-dominant
firms become persistently influential while others remain peripheral despite comparable
technological capabilities [19].

Accordingly, this study adopts a network-based perspective to examine hidden cham-
pions as non-dominant firms whose strategic influence arises from their positions within
collaborative innovation networks. Rather than treating such firms as isolated niche
specialists, this perspective emphasizes how network embedding conditions access to
heterogeneous knowledge, shapes strategic options, and enables certain firms to act as
transition enablers—facilitating coordination, compatibility, and technological progression
across modular systems without exercising architectural control.

2.2. Network Position and Innovation in Non-Dominant Firms

In complex and modular innovation systems, firms’ strategic options and innova-
tion outcomes are shaped not only by their internal resources but also by how they are
positioned within interorganizational collaboration networks. Prior research drawing on
social network perspectives has predominantly examined dominant firms, highlighting
how central actors leverage their positions to coordinate standards, integrate technologies,
and influence industry trajectories. While these studies establish the relevance of network
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embeddedness, they offer limited insight into how non-dominant firms—lacking scale, visi-
bility, or architectural authority [20]—nonetheless exert sustained influence on system-level
innovation [6].

However, this dominant-firm bias obscures an important empirical and theoreti-
cal puzzle: non-dominant firms—particularly hidden champions specializing in critical
technological modules—frequently exert disproportionate influence on system evolution
despite lacking high visibility, scale, or platform control. Existing studies tend to treat
such firms as peripheral or passive nodes embedded within networks shaped by leading
actors. As a result, their structural advantages are under-theorized and rarely measured in
a systematic manner.

From this perspective, network position matters not because it signals hierarchy or
power, but because it conditions firms’ exposure to heterogeneous knowledge and their
role in connecting otherwise weakly linked technological domains. Certain positions
facilitate access to non-redundant information while allowing firms to preserve focused
technological specialization. In contrast, highly embedded or redundant positions may
constrain strategic flexibility by limiting exposure to diverse technological trajectories. For
non-dominant firms, the strategic relevance of network position therefore lies in how it
enables selective coordination and recombination rather than broad control.

Accordingly, this study treats network indicators as proxies for distinct functional
roles within innovation systems rather than as generic measures of influence. Positions
characterized by brokerage across disconnected knowledge domains [21] enable firms to
combine deep expertise with selective breadth, supporting the development of specialized
yet system-relevant technologies. Positions characterized by coordination across multiple
modules facilitate interface alignment and reduce integration frictions, allowing firms
to influence system performance despite limited scale. By contrast, positions embedded
in dense but redundant ties may provide stability while constraining opportunities for
strategic differentiation.

These positional distinctions, however, carry different strategic implications for non-
dominant firms than for their dominant counterparts—a divergence that standard network
theory does not anticipate. Burt’s (1992) structural hole theory predicts that firms occu-
pying brokerage positions will exploit information advantages to expand their activity
scope [6], recombining knowledge from disconnected domains into novel configurations.
This prediction rests on a tacit assumption that firms possess sufficient absorptive capacity
to integrate the diverse, often tacit knowledge flowing through structural hole positions.
For large, resource-rich firms, this assumption is generally defensible. For non-dominant
specialized firms, it is not. The knowledge embedded in modular innovation systems is
highly tacit, domain-specific, and cognitively distant from adjacent technological fields; in-
tegrating it requires substantial prior knowledge bases and coordination infrastructure that
non-dominant firms typically lack [22,23]. Under these conditions, the rational response to
structural hole brokerage is not scope expansion but specialization deepening: firms reduce
integration risk by concentrating resources on the technological domains where their exist-
ing expertise creates absorptive advantage, selectively leveraging cross-domain exposure to
refine rather than diversify their core capabilities. Standard network theory systematically
mispredicts the strategic direction of non-dominant firms in knowledge-intensive modular
systems by importing assumptions calibrated on dominant actors.

A parallel limitation applies to the interpretation of betweenness centrality. Network
research typically treats high betweenness as a marker of influence or quality, reflecting the
selection of capable firms into bridging positions [24]. For non-dominant firms, however,
betweenness centrality operates primarily as a learning environment rather than a quality
signal: repeated exposure to cross-module coordination demands gradually builds what
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we term interface-bridging capability—the capacity to translate technological requirements
across subsystem boundaries, align interface standards, and reduce integration frictions
without exercising architectural control. This capability accumulates through learning-by-
coordinating rather than through pre-existing superiority, which means that positional
change over time—not static centrality—is the relevant mechanism. Neither the direction
nor the learning-based nature of this effect is captured by standard centrality interpretations.

These distinctions suggest that non-dominant firms do not benefit uniformly from
network embeddedness. Instead, different network positions impose different strategic
constraints and affordances, shaping how firms allocate resources, design technological
strategies, and develop capabilities over time. Network position thus operates as a struc-
tural condition that channels firm behavior rather than as an outcome to be maximized [25].
Critically, the direction and mechanism of these positional effects diverge from predic-
tions derived from dominant-firm network research, necessitating a theoretical framework
specifically calibrated to the non-dominant firm context.

Building on this logic, the present study incorporates network position into a Resource–
Strategy–Capability (R–S–C) mechanism framework to explain heterogeneity among hid-
den champions. Rather than assuming that greater centrality necessarily yields superior
outcomes, the framework specifies how structurally distinct positions generate predictably
different resource profiles, strategic orientations, and capability forms—and how institu-
tional conditions moderate these effects. This mechanism-oriented approach responds to
recent calls for a theory that explains how non-dominant actors sustain systemic influence
within modular ecosystems without relying on scale or architectural control [8,26].

2.3. The R–S–C Mechanism: From Network Position to Systemic Innovation Capabilities

In complex system industries characterized by distributed knowledge, technological
uncertainty, and modular interdependence, firm growth is fundamentally shaped by access
to external resources embedded in innovation networks [27]. Following Penrose’s (1959)
insight that firm growth is constrained not by internal resources per se but by the ability to
access and deploy complementary resources beyond organizational boundaries [28], the
development trajectories of hidden champions depend critically on how network positions
structure resource availability and strategic choice sets.

Building on the theoretical argument developed in Section 2.2, this study concep-
tualizes network position as the causal starting point of an evolutionary chain linking
resources (R), strategy (S), and capabilities (C). The framework departs from prior R–S–C
formulations in two respects. First, rather than treating R–S–C as descriptive stages of firm
development, it specifies a mechanism-based causal sequence through which structurally
distinct network positions give rise to predictably different resource profiles, strategic
orientations, and capability outcomes. Second, the framework generates directional pre-
dictions that diverge from standard network theory: as argued in Section 2.2, the same
network positions produce opposite strategic responses in non-dominant firms compared
to dominant actors, because the assumption of sufficient absorptive capacity—implicit in
canonical network theory—does not hold for resource-constrained specialized firms in
knowledge-intensive modular systems.

The framework produces three testable propositions, developed in the subsections
below. Propositions 1 and 2 specify the within-mechanism effects of distinct network
positions; Proposition 3 specifies the institutional conditions under which these effects are
amplified or attenuated. Figure 1 visualizes the complete mechanism, which links network
indicators, strategic variables, and capability outcomes.
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Figure 1. Dual-Path R–S–C Mechanism for the Networked Growth of Hidden Champions.

2.3.1. Network Position and Resource Access (R): Why Structure Shapes
Resource Heterogeneity

In the autonomous driving industry, critical resources increasingly take the form of
specialized, tacit, and cross-domain knowledge rather than capital or tangible assets [23].
Such resources are highly fragmented across technological communities and cannot be
fully acquired through market transactions or internal accumulation. Consequently, firms’
network positions directly shape not only the volume but also the heterogeneity and
non-redundancy of accessible knowledge resources.

Two structurally distinct network positions generate systematically different resource
profiles. Firms occupying structural hole positions gain access to heterogeneous and weakly
connected knowledge domains, enabling exposure to diverse technological logics while
avoiding redundancy. Critically, however, this exposure does not automatically translate
into knowledge integration: the resources accessible from structural hole positions are
characterized by high tacitness, domain specificity, and cognitive distance from the firm’s
core technological base. Integrating such resources requires absorptive capacity that non-
dominant specialized firms typically lack, making cross-domain recombination costly and
organizationally demanding [22].

By contrast, firms with high betweenness centrality are embedded in critical inter-
module knowledge pathways, granting them visibility and influence over coordina-
tion flows between technological subsystems. The resources accessible from these po-
sitions are less heterogeneous but more integrative in character: they consist primarily
of interface-relevant knowledge—information about compatibility requirements, stan-
dard specifications, and cross-module dependencies—that accumulate through repeated
brokerage activity.

To make the resource construct theoretically precise, we distinguish four categories
of network-derived resources operative in the R–S–C mechanism: (i) informational
resources—non-redundant signals about technological trajectories and unmet performance
requirements, accessed primarily through structural hole positions that bridge discon-
nected knowledge communities; (ii) coordination resources—repeated exposure to inter-
face negotiations and cross-module compatibility decisions, accessed primarily through
high-betweenness positions that mediate inter-subsystem knowledge flows; (iii) repu-
tational resources—visibility and relational recognition within collaborative networks,
accumulating with both connectivity breadth and brokerage track record over time; and
(iv) module-definition prerogatives—the capacity to set technical reference points within a
focal niche, accruing through sustained participation in standard-affecting collaborations
and thereby conditioning other actors’ design choices. Path A firms draw disproportion-
ately on resources of types (i) and (iv) to support specialization deepening; Path B firms
draw disproportionately on resources of types (ii) and (iii) to support interface-bridging
strategy development.
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These differences imply that network position itself functions as a form of structural
resource, shaping firms’ opportunity sets before strategic choice occurs. Observable indica-
tors at this stage include network constraint and effective size (for structural holes) and
betweenness centrality (for coordination-oriented positions).

2.3.2. Resource Profiles and Strategic Orientation (S): Divergent Strategic Responses to
Positional Constraints

Strategic choices are not made in a vacuum; they are conditioned by the types of
resources that firms can reliably access and recombine [29]. For hidden champions, whose
legitimacy and bargaining power are limited relative to dominant actors, network-position-
induced resource constraints play a decisive role in shaping which strategies are both
feasible and attractive.

Path A: Structural holes and specialization deepening. Firms embedded in structural
hole positions face a fundamental strategic trade-off. The information diversity available
through their brokerage positions could, in principle, support scope expansion. However,
as established in Section 2.2, the high tacitness and cognitive distance of cross-domain
knowledge impose prohibitive integration costs for resource-constrained non-dominant
firms. Under these conditions, scope expansion would dilute learning efficiency, strain
limited relational capacity and expose the firm to coordination demands it lacks the in-
frastructure to meet. The rational and predictable response is therefore specialization
deepening: concentrating resources within a focused technological domain to convert
diverse knowledge inputs into defensible niche advantages, while using cross-domain
exposure selectively to refine rather than extend core expertise. This prediction directly
inverts Burt’s (1992) canonical prediction for dominant actors [6] and constitutes the first
theoretical contribution of the R–S–C framework.

Proposition 1. Among non-dominant firms in knowledge-intensive modular systems, structural
hole positions generate a specialization-deepening strategic response rather than scope expansion,
because the transaction costs of integrating tacit, cognitively distant knowledge outweigh the
brokerage information advantage under conditions of limited absorptive capacity. This effect is
strongest when the knowledge accessible through structural holes is characterized by high domain
specificity and low codifiability.

Path B: Betweenness centrality and T-shaped strategy. Firms occupying high between-
ness centrality positions face structurally different constraints. Recurrent exposure to
cross-module coordination demands—interface problems, compatibility mismatches, and
standard alignment challenges—creates both the incentive and the learning opportunity
to develop breadth across adjacent modules [30]. Unlike the cross-domain recombination
required from structural hole positions, interface-relevant breadth is directly supported by
the coordination-type resources that high-betweenness positions provide. This structural
condition incentivizes T-shaped technological strategies: deep expertise in a core domain,
selectively extended toward adjacent modules where interface knowledge has accumu-
lated. T-shaped strategies allow firms to manage system integration challenges without
abandoning the specialization that underpins their competitive position.

Proposition 2. Non-dominant firms occupying high betweenness centrality positions adopt T-
shaped technological strategies—combining deep domain expertise with selective interface-oriented
breadth—because their structural position generates interface-relevant learning opportunities that
make cross-module scope both feasible and strategically necessary. This effect strengthens as
betweenness centrality increases and as the degree of modular interdependence in the system rises.
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Strategic orientation at this stage can be operationalized through indicators such as the
depth-to-breadth ratio of patent portfolios or the diversity of application domains relative
to core technological fields.

2.3.3. Strategy and Capability Formation (C): From Positional Learning to Systemic
Innovation Influence

Strategic orientations translate into sustained competitive advantage only when they
are embodied in organizational capabilities [31]. In networked innovation contexts, the
relevant capability outcome is not generic dynamic capability but dynamic collaborative
capability—the ability to absorb, integrate, and diffuse knowledge across organizational
and technological boundaries in ways that stabilize system-level innovation processes.

The two strategic paths specified above converge on this capability type through
different routes. Specialization-deepening strategies (Path A) build what may be termed
module-anchoring capability: the capacity to define, refine, and defend a critical tech-
nological module such that other system actors depend on it as a stable reference point.
Interface-oriented T-shaped strategies (Path B) build interface-bridging capability: the
capacity to translate technological requirements across subsystem boundaries, align inter-
face standards, and reduce integration frictions without exercising architectural control.
Both capabilities allow hidden champions to influence system evolution indirectly—by
stabilizing interfaces, shaping compatibility standards, and reducing coordination costs for
other actors [32].

The translation of strategic orientation (S) into capability (C) operates through three
observable micro foundations that apply to both paths, though with different content and
pace. First, experiential learning: firms that repeatedly execute a given strategic orientation
accumulate context-specific know-how about which technical decisions yield favorable
performance outcomes; over time, this accumulated judgment is encoded into stable
problem-solving routines that reduce the cognitive cost of future decisions [30]. Second,
codification of routines: as firms revisit structurally similar problems through a consistent
strategic lens, tacit decision rules progressively become explicit organizational protocols,
reducing reliance on individual expertise and enabling more reliable capability deployment
across projects and partners. Third, legitimation through external recognition: participation
in standard-setting bodies, accumulation of forward patent citations, and selection into
government-sponsored pilot-zone consortia signal established capability to ecosystem
partners, consolidating the firm’s positional identity and attracting further collaborative
opportunities that reinforce the same capability trajectory. Path A specialization-deepening
cycles through these three micro foundations to produce module-anchoring capability;
Path B T-shaped expansion cycles through them—with interface negotiations substituting
for depth-focused learning events—to produce interface-bridging capability.

Observable manifestations of these capabilities include participation in standard-
setting activities, recurrent brokerage roles in collaborative projects, and increasing cen-
trality in system-level knowledge flows. The distinction between module-anchoring and
interface-bridging capabilities is empirically testable: firms following Path A should show
increasing patent citation centrality within a focused technological domain, while firms
following Path B should show growing cross-domain patent portfolio diversity alongside
deepening core expertise.

2.3.4. Institutional Moderation: How Policy Environments Shape the R–S–C Mechanism

The R–S–C mechanism does not operate in an institutional vacuum. Policy environ-
ments shape the structural opportunity set within which network positions are formed
and maintained, therefore moderate the strength of the positional effects specified in
Propositions 1 and 2.
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Policies that actively reduce inter-organizational collaboration costs—through subsi-
dies for joint R&D, mandated platform openness, or government-orchestrated industry
consortia—increase the density and heterogeneity of collaboration networks. Under these
conditions, structural hole positions become more accessible and informative, amplify-
ing the specialization-deepening incentive specified in Proposition 1. Similarly, high
betweenness positions become more numerous and strategically consequential when policy
facilitates the cross-module coordination flows that generate interface-relevant learning,
amplifying the T-shaped strategy incentive in Proposition 2.

Conversely, policies that concentrate resources toward a small number of large in-
cumbent firms, or that restrict cross-organizational knowledge flows, reduce structural
heterogeneity in innovation networks. Under these conditions, both structural holes and
betweenness positions become rarer and less differentiated, compressing the positional
variance that drives the R–S–C mechanism.

Proposition 3. Institutional policy environments moderate the R–S–C mechanism by altering the
structural composition of innovation networks: policies that reduce inter-organizational collabo-
ration costs amplify the positional effects specified in Propositions 1 and 2 by increasing network
structural heterogeneity, while policies that concentrate resources toward incumbent actors attenuate
these effects by reducing positional variance among non-dominant firms.

This proposition reframes policy from a direct performance driver—the interpreta-
tion dominant in prior studies of Chinese innovation—into a structural moderator that
operates through its effects on network configuration. This framing generates predictions
transferable beyond the Chinese context: any institutional environment that systematically
alters collaboration opportunity costs will produce comparable moderating effects on the
positional mechanisms identified here.

2.3.5. The Complete Mechanism and Its Boundary Conditions

Taken together, Propositions 1–3 specify a complete, directionally predictive mecha-
nism: structurally distinct network positions generate different resource profiles; resource
profiles bias strategic orientations in predictable directions that diverge from standard
network theory predictions; strategies shape the formation of differentiated systemic inno-
vation capabilities; and institutional conditions moderate the strength of these effects by
reshaping the structural landscape within which non-dominant firms operate.

Three boundary conditions deserve explicit statement. First, the specialization-
deepening prediction in Proposition 1 holds under conditions of high knowledge tacitness
and domain specificity. In technological contexts where cross-domain knowledge is highly
codified and modular—such that integration costs are low—the standard brokerage-to-
expansion prediction may reassert itself even for non-dominant firms. Second, the T-shaped
strategy prediction in Proposition 2 depends on sufficient betweenness centrality to gen-
erate meaningful interface-coordination exposure; firms with only marginally elevated
betweenness may not accumulate the interface-relevant learning that drives T-shaped
strategy adoption.

A third boundary condition concerns the differential operability of the dual-path mech-
anism across technological modules within the same ecosystem. In modules characterized
by high physical-system constraints and tight performance tolerances—such as perception
hardware (LiDAR, millimeter-wave radar)—Path A specialization-deepening dominates,
because module-anchoring capability is heavily dependent on hardware-specific tacit know-
how whose value is destroyed rather than enhanced by cross-domain integration. In mod-
ules characterized by high architectural complexity and frequent interface change—such as
decision-making algorithms and V2X communication protocols—Path B is more strongly
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activated, because the coordination demands generated by rapidly evolving interfaces
create precisely the learning environment through which interface-bridging capability
accumulates. The empirical analyses in Section 4 focus on the perception subsystem to
ensure measurement comparability across firms; comparable mechanism activation in
decision-making and communication modules constitutes a directly testable implication of
the framework that future research should examine.

Figure 2 visualizes the complete dual-path R–S–C mechanism, explicitly differentiat-
ing the structural hole pathway (Path A: specialization deepening → module-anchoring
capability) from the betweenness centrality pathway (Path B: T-shaped strategy → interface-
bridging capability), with institutional environment as a moderating condition.

Figure 2. Dual-path R–S–C mechanism for non-dominant firms’ systemic innovation in modular
ecosystems. Note: The solid arrows represent path A (solid); The dashed arrow indicates path B.

2.4. Institutional Context: Policy Amplification of the R–S–C Mechanism in China

China’s autonomous driving industry has developed within an institutional environ-
ment characterized by proactive industrial policy and coordinated firm support. As estab-
lished in Section 2.3, Proposition 3 positions the institutional environment as a structural
moderator of the R–S–C mechanism: policy operates not as a direct driver of firm-level re-
sources, strategies, or capabilities, but by systematically altering the structural composition
of innovation networks—thereby amplifying or attenuating the positional effects specified
in Propositions 1 and 2. This section elaborates the specific mechanisms through which
China’s policy instruments reshape network structure in ways that condition the operation
of the dual-path R–S–C framework. The argument proceeds in two steps: first, identifying
how policy reduces inter-organizational collaboration costs and increases network struc-
tural heterogeneity; second, specifying how these structural changes differentially amplify
Path A (structural holes → specialization deepening) and Path B (betweenness centrality
→ T-shaped strategy), rather than operating uniformly across all firms.

2.4.1. Policy and Network Structural Heterogeneity: The Primary Mechanism
of Moderation

Proposition 3 specifies that policies reducing inter-organizational collaboration costs
amplify the positional effects of Propositions 1 and 2 by increasing network structural
heterogeneity—specifically, by making structural hole positions more accessible and by

https://doi.org/10.3390/systems14050558

https://doi.org/10.3390/systems14050558


Systems 2026, 14, 558 12 of 41

multiplying the cross-module coordination flows through which betweenness centrality
positions accumulate interface-relevant knowledge.

China’s Specialized and Sophisticated SMEs initiative operationalizes this moderation
mechanism at scale. Through R&D subsidies, tax incentives, and targeted procurement
requirements, these policies reduce the financial and organizational frictions that would
otherwise prevent non-dominant firms from entering high-value collaborative ties. Crit-
ically, the effect is not to increase firms’ internal resource endowments directly, but to
lower the threshold for occupying structurally advantageous network positions. When
collaboration costs fall, the network becomes more permeable: firms that previously lacked
the relational infrastructure to bridge disconnected technological communities can now do
so, increasing the overall density of structural holes in the innovation network.

Spatially concentrated policies—national manufacturing clusters, autonomous driving
pilot zones, and designated testing corridors—further amplify this structural effect by
compressing geographic and organizational distances among actors who would otherwise
remain disconnected [33,34]. Institutionalized co-location creates conditions under which
structural hole positions are both more numerous and more consequential: the knowledge
domains brought into proximity are genuinely heterogeneous, making brokerage across
them more informative.

For Path A firms, these structural changes directly amplify the specialization-
deepening mechanism specified in Proposition 1. A denser, more heterogeneous network in-
creases the volume and diversity of cross-domain knowledge accessible through structural
hole positions, intensifying both the information advantage and the integration cost that
drive non-dominant firms toward specialization deepening rather than scope expansion.

2.4.2. Policy and Cross-Module Coordination Flows: Amplifying Path B Mechanisms

While Section 2.4.1 describes how policy amplifies the structural conditions under-
lying Path A, a distinct set of policy instruments primarily shapes the coordination flow
environment that activates Path B mechanisms.

Regulatory experimentation and pilot programs create protected environments in
which cross-module coordination demands are artificially concentrated [35,36]. Sandbox
regulation and open testing environments do not merely reduce strategic risk; more impor-
tantly for the present framework, they generate structured interfaces between previously
disconnected technological modules—perception systems, decision algorithms, and vehicle-
infrastructure communication protocols—through which betweenness centrality positions
become both more numerous and more learning-rich. Each testing scenario in which a firm
must coordinate across module boundaries constitutes a learning-by-coordinating episode
of the kind specified in Proposition 2’s interface-bridging capability mechanism.

Policy-induced interoperability requirements and data-sharing mandates [37] amplify
this effect further by making cross-module interdependence mandatory rather than vol-
untary. When regulatory coordination requirements force technological interfaces to be
explicitly negotiated, firms positioned at high betweenness nodes—those through which
multiple module-level flows must pass—accumulate interface-relevant knowledge at an
accelerated rate. This institutional amplification of cross-module coordination exposure
directly strengthens the learning mechanism underlying Proposition 2: betweenness cen-
trality translates into interface-bridging capability more rapidly when the coordination
events that generate interface knowledge are policy-induced and recurrent rather than
episodic and market-driven.

Importantly, these coordination requirements also impose constraints on Path A firms.
Mandatory interoperability reduces the viability of fully isolated specialization strategies,
reinforcing the boundary condition noted in Section 2.3.5: the specialization-deepening pre-
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diction holds under conditions of high knowledge tacitness, but institutional requirements
for interface disclosure partially codify what was previously tacit, lowering integration
costs and potentially weakening the constraint that drives pure specialization. This in-
teraction between policy and boundary conditions represents a testable implication of
the framework.

2.4.3. Policy and Capability Legitimation: Institutionalizing the Outcomes of Both Paths

Beyond reshaping network structure and coordination flows, a third category of policy
instruments affects the capability formation stage by providing formal arenas in which the
capabilities developed through both paths can be consolidated and legitimized.

Mission-oriented R&D programs and government-sponsored standard-setting ini-
tiatives grant selected firms access to coordination venues where technical interfaces
and system-level protocols are collectively negotiated. For Path A firms, participa-
tion in these venues allows module-anchoring capabilities to be formalized as industry
standards—converting tacit, firm-specific deep expertise into system-level reference points
that other actors must accommodate. For Path B firms, standard-setting participation
institutionalizes interface-bridging capabilities by embedding them in cross-organizational
coordination routines that persist beyond individual projects [38].

Crucially, this policy instrument does not create either capability type from scratch. It
accelerates the translation of existing network-position-derived strategies into recognized,
durable capability outcomes by providing the institutional infrastructure through which
such capabilities become visible to other system actors. The moderating effect here is on
capability consolidation speed and external recognition, rather than on the fundamental
mechanism through which capabilities form.

Under supply chain security and technological self-reliance objectives, these institu-
tionalized participation opportunities are disproportionately concentrated among firms that
have already demonstrated module-level competence or coordination centrality—creating
a positive feedback loop that amplifies both Path A and Path B outcomes for firms that
have progressed through the R–S–C mechanism.

2.4.4. Boundary Conditions and the Limits of Policy Moderation

Proposition 3 specifies that policy moderation operates in both amplifying and at-
tenuating directions. The preceding sections have focused on amplification; it is equally
important to specify the conditions under which China’s policy environment attenuates
rather than strengthens the R–S–C mechanism.

Resource-concentration policies—those that direct disproportionate support toward a
small number of large incumbent platforms—reduce structural heterogeneity by consolidat-
ing network positions rather than distributing them. When dominant platform firms absorb
the majority of collaborative relationships, the structural variance among non-dominant
firms diminishes: structural holes become rarer as network ties cluster around incumbents,
and betweenness centrality concentrates in a small number of architecturally dominant
actors. Under these conditions, both Path A and Path B mechanisms are attenuated for the
broader population of hidden champions, even as individual platform firms may benefit
from concentrated network positions.

This attenuation prediction generates a testable empirical implication: periods of
policy reorientation toward platform concentration should be associated with reduced dif-
ferentiation in network position among non-dominant firms, and correspondingly weaker
associations between structural hole positions and specialization deepening (Path A) and
between betweenness centrality and T-shaped strategy adoption (Path B).
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In the empirical analyses that follow, policy-related variables are operationalized as
moderators of the network position–capability relationship, tested through interaction
terms between policy intensity measures and the network position indicators specified in
Section 3. This approach maintains the theoretical integrity of P3’s moderation claim while
ensuring that observed positional effects are not confounded with policy-driven selection
into high-quality network positions.

2.5. Research Gaps and Contributions

The foregoing review reveals three interconnected gaps that the present study ad-
dresses. First, existing research characterizes hidden champions as a homogeneous category
defined by shared firm-level attributes, while largely overlooking structural heterogeneity
in network positions and its consequences for differentiated innovation trajectories. Second,
no coherent mechanism links network structure, technological strategy, and capability
outcomes in a way that explains how structural embeddedness converts into sustained
system-level influence—rather than short-term performance—among non-dominant firms.
Third, policy environments are typically treated as direct drivers of innovation outcomes
rather than as structural moderators operating through network configurations, leaving the
interaction between institutional conditions and network-based mechanisms underspeci-
fied. To address these gaps, this study develops the dual-path R–S–C framework detailed
in Section 2.3, integrates patent-based network indicators with T-shaped technological
positioning measures to make the mechanism empirically traceable, and reframes China’s
policy environment as a network-structural moderator rather than an independent causal
force. The following section describes the research design through which these theoretical
arguments are tested.

3. Research Design
This study employs a theory-building research design [39] that integrates conceptual

framework development with large-scale patent network analysis as empirical grounding.
The goal is to develop, specify, and illustrate the dual-path R–S–C mechanism rather than to
provide formal causal estimates of its component effects. This approach is appropriate given
that the mechanism framework is a novel theoretical contribution whose core propositions
have not been previously developed or tested in the literature; theory-building logically
precedes theory-testing in the cumulative development of a research program.

3.1. Research Methodology and Identification Strategy

This study employs patent-based technology network analysis to construct two com-
plementary networks: an organization-collaboration network and a technology network.
The organization-collaboration network uses organizations (firms, universities, research
institutes) as nodes and joint-patent relationships as edges to capture inter-organizational
collaboration patterns and structural positions [40]. The technology network represents
technologies as nodes, where nodes correspond to technological categories defined by IPC
subclass codes, and edges capture co-occurrence or proximity relationships between tech-
nology categories in patent records [41]. IPC subclass codes are chosen as technology nodes
because this level balances granularity and interpretability, and is widely used in prior
studies to represent substantive technological features. The overall analytical framework is
presented in Figure 3, which integrates industry-level landscape analysis with firm-level
embedding analysis to form a macro-to-micro logical loop.
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Figure 3. Key Common Technology Network Integration Analysis Framework.

The study follows a two-stage design. Stage 1 (industry landscape) focuses on exoge-
nous opportunity structures by constructing a full-industry patent-technology–organization
network to identify technological trajectories, the degree of network openness, and key
technological communities over time. This stage addresses the question: across successive
time slices, what levels of resource abundance and collaborative space does the autonomous
driving technology landscape provide? Stage 2 (firm embedding) examines endogenous
strategic responses by quantifying differences between hidden champions and leading
firms on network metrics such as centrality and structural holes, and by assessing how
asymmetric network positions enable hidden champions to convert industry-level opportu-
nities into firm-level resource access (R), strategic layouts (S), and collaborative capabilities
(C). By combining these two stages, the design ensures a logical transition from external
environmental constraints to internal resource actions, making the R–S–C empirical analysis
neither an isolated firm case study nor a broad industry summary, but a coupled evolution
of both levels.

3.1.1. Research Design Principles: Theoretical Grounding and the Logic
of Illustrative Evidence

This study adopts a theory-building research design in which patent-based network
analysis serves an illustrative rather than confirmatory function [39,42]. The dual-path
R–S–C mechanism represents a novel theoretical contribution whose core propositions have
not been previously developed or systematically examined in the literature; theory-building
logically precedes theory-testing in the cumulative development of a research program.
Accordingly, the empirical analyses reported in Section 4 are designed to ground the
proposed mechanism in observable structural patterns and provide preliminary evidence
of its plausibility, rather than to deliver formal causal estimates of its component effects.

This choice of research design does not reflect an absence of methodological aware-
ness regarding causal identification. The central identification challenge that any future
confirmatory study would face is the potential endogeneity of network position: firms
with superior technological capabilities, established reputations, or abundant resources are
more likely to attract collaborative partners and therefore more likely to occupy structurally
advantageous positions—structural holes and high betweenness centrality—independent
of any causal effect of those positions on strategy and capability. If unobserved firm quality
simultaneously drives both network position and innovation outcomes, observed associa-
tions between positional indicators and R–S–C outcomes could reflect selection rather than
mechanism. The present study’s descriptive design cannot fully resolve this endogeneity;
it is precisely this limitation that motivates the future research agenda specified at the end
of this section.
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Design Principle 1: Structural pattern consistency as plausibility evidence. Rather than
seeking to estimate causal parameters, the analyses examine whether observed structural
patterns across firms and over time are consistent with the directional predictions of
Propositions 1–3. The two-stage design—industry-level landscape analysis followed by
firm-level embedding analysis—ensures that firm-level patterns are interpreted against a
systematically characterized macro context rather than in isolation. Consistency between
predicted and observed patterns provides plausibility evidence for the mechanism without
establishing causal sufficiency.

Design Principle 2: Comparative group analysis as a mechanism illustration. The
comparison between hidden champions and leading enterprises, and between firms oc-
cupying different structural positions within the hidden champion sample, is designed
to illustrate the heterogeneity predicted by the dual-path framework rather than to test
mean differences between pre-defined groups. Firms classified into Path A (structural hole
occupants) and Path B (high betweenness centrality) based on network metrics serve as
exploratory cases that make the abstract mechanism observable and interpretable. Specific
firms—Hesai Technology, Sunny Optical, Bosch—are discussed as mechanism illustrations
rather than as a representative sample supporting statistical inference.

Design Principle 3: Temporal pattern analysis as dynamic evidence. The rolling three-
year window structure of the patent data enables observation of how network structural
features, technological strategies, and capability profiles co-evolve across the industry’s
development stages. Temporal co-movement between network structure changes and
strategic pattern shifts provides dynamic evidence consistent with the sequential R → S
→ C mechanism, while acknowledging that temporal co-movement does not establish
causal direction.

Future Research Agenda for Confirmatory Testing. The limitations of the present
descriptive design point directly to the research investments needed to provide formal
causal evidence for Propositions 1–3. Future confirmatory studies should employ the
following identification strategies. First, lagged-variable panel designs using network
position measures from period t − 1 to predict strategic orientation and capability outcomes
in period t would address contemporaneous reverse causality; the baseline specification
would take the form:

Outcomeit = β1 · Network Positioni,t−1 + β2 · Xi,t−1 + αi + γt + εit

where firm fixed effects (αi) control for time-invariant unobservable quality differences and
year fixed effects (γt) absorb common temporal trends. The identifying variation would
be entirely within-firm over time, reflecting how positional changes—rather than stable
cross-sectional differences—associate with subsequent strategic and capability evolution.

Second, to address the selection-versus-learning distinction central to Proposition 2,
robustness analyses should examine whether betweenness centrality increases predict
capability formation most strongly among firms with initially low capability scores—the
subsample where dynamic selection pressure is weakest and where learning effects, if
present, should be most visible.

Third, for Proposition 3, difference-in-differences specifications around discrete pol-
icy intervention events—the designation of autonomous driving pilot zones and major
Zhuanjingtexin certification rounds—would provide quasi-experimental identification of
the network-restructuring effect of policy, isolating it from concurrent industry trends.

These identification strategies are documented here not as analyses executed in the
present study, but as a concrete agenda for future confirmatory research that builds on the
theoretical framework and empirical grounding developed in the sections that follow.
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3.1.2. Panel Structure and Time Slices

The patent data are organized into overlapping three-year observation windows,
with network position measures constructed from each window and outcome measures
drawn from the subsequent window. This rolling-window approach serves two purposes.
First, it provides sufficient patent volume within each window to construct stable network
metrics at the firm level—single-year windows produce excessively sparse networks for
smaller firms. Second, the window overlap preserves temporal resolution while smoothing
year-to-year noise in patent filing patterns.

Network metrics constructed for window [t − 2, t] are treated as the period t − 1
predictor for outcomes measured in window [t − 1, t + 1]. This one-window lag structure
ensures that the full implementation lag between network position exposure and observable
strategic or capability outcomes is captured, consistent with the R–S–C mechanism’s
prediction that positional effects materialize through resource accumulation and learning
processes that unfold over multiple periods rather than instantaneously.

3.1.3. Robustness Protocol and Design Principles

To enhance the credibility of the illustrative empirical patterns reported in Sections 4 and 5,
three robustness principles are incorporated into the research design at the outset. Con-
sistent with the theory-building function of the present study, these principles do not
constitute independent confirmatory tests and are not reported as separate statistical anal-
yses; rather, they represent deliberate design choices embedded in the data construction,
panel structure, and institutional framing of the empirical analysis to reduce the risk that
observed structural patterns are artifactual or operationalization-dependent.

First, the network construction is designed to be parameter-stable. All core structural
metrics—betweenness centrality, structural hole constraint, and the knowledge depth and
breadth scores underlying T-shaped layout assessment—are verified to remain directionally
consistent under systematic variation in three construction parameters: the IPC aggregation
level (subclass versus main class), the minimum co-patent threshold for edge inclusion, and
the citation window length (adjusted within a plus-or-minus one-year range). Directional
consistency of the group-level contrasts between hidden champions and leading enterprises
across these variants supports the conclusion that the observed positional differences reflect
genuine structural features of the autonomous driving collaboration network rather than
choices specific to the benchmark operationalization.

Second, the panel structure is designed to respect temporal precedence throughout.
Network position indicators are constructed from the observation window [t − 2, t] and
linked to strategic orientation and capability profiles measured in the subsequent window
[t − 1, t + 1], maintaining a one-window temporal lag across all stages of the analysis. This
lagged architecture ensures that the directional logic of the R–S–C mechanism—in which
positional exposure precedes strategic adaptation and capability formation—is preserved
in the empirical design itself, and that observed associations between positional metrics
and outcome indicators are not produced by contemporaneous measurement overlap.

Third, for the institutional moderation component corresponding to Proposition 3, the
analysis incorporates a quasi-experimental framing by anchoring temporal comparisons
to discrete, observable policy intervention events—specifically, the successive rounds of
Zhuanjingtexin (“Specialized, Refined, Distinctive and Innovative”) firm certification and
the progressive spatial designation of autonomous driving pilot zones. This event-anchored
design enables pre- and post-intervention contrasts in network structural evolution, provid-
ing a more transparent basis for attributing observed changes in structural heterogeneity to
policy-induced reductions in inter-organizational collaboration costs rather than to concur-
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rent industry-level trends or secular technological trajectories. The key integrated analysis
framework for shared core technologies is illustrated in Figure 3.

To further enhance the rigor of the research, Table 1 below summarizes the consistency
logic of the research design in this study.

Table 1. Methodological Consistency and Logic Justification.

Key Methodological Concerns Rationale and Justification

Why use patent network analysis
instead of single indicators?

Patent network analysis captures relational data
(e.g., technology flow dynamics,
inter-organizational collaboration patterns), which
more accurately reflect hidden champions’
strategic positioning in innovation ecosystems
than static metrics like patent counts. This aligns
with Social Network Theory (SNT) by
emphasizing structural embeddedness over
isolated resource accumulation.

Why adopt a two-tier (industry →
firm) analytical design?

This design avoids cross-level inference errors:
Industry-level analysis defines exogenous
opportunity structures (technological boundaries,
evolutionary stages), while firm-level analysis
reveals endogenous heterogeneous responses
(strategic choices, capability outcomes). The two
tiers are mutually reinforcing, ensuring empirical
results are neither isolated firm observations nor
broad industry summaries, but a coupled
evolution of context and action.

Why does shared raw data not
lead to conflicting conclusions
across analysis tiers?

While both stages use the same comprehensive
patent dataset, changing the unit of analysis—from
industry-level IPC subclass nodes to firm-level
network nodes—reconstructs the data into distinct
analytical maps: an industry landscape
(descriptive) and firm competence profiles
(inferential). This progression from mapping to
mechanism-oriented analysis ensures consistent
evidence while enabling deeper causal inference.

How to avoid circular reasoning
in result interpretation?

We maintain a unidirectional causal logic:
Industry-level network properties (e.g., openness,
technological trajectories) are treated as exogenous
inputs that define opportunity structures, while
firm-level network positions (centrality, structural
holes) are modeled as mediating variables driving
resource access (R), strategic configuration (S), and
capability outcomes (C). Industry-level results do
not endogenously determine R–S–C relationships,
ensuring objectivity and avoiding circularity. This
follows the principle: “Environment shapes
opportunities; position determines benefits.”

To make explicit the epistemological status of the empirical patterns, Table 2 maps
each theoretical proposition to its corresponding mechanism-oriented evidence, specifies
the nature and strength of that evidence, and identifies the confirmatory identification
strategy that future research should employ. This mapping clarifies what the present theory-
building study establishes and what remains for subsequent confirmatory work, directly
addressing the distinction between illustrative grounding and formal hypothesis testing.
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Table 2. Mapping of Theoretical Propositions to Illustrative Empirical Evidence.

Proposition Theoretical Prediction Illustrative Evidence
in This Study

Nature and Strength of
Evidence

Future Confirmatory
Identification Strategy

P1 (Structural
Holes → Module-
Anchoring)

Among non-dominant
firms, structural hole
positions generate
specialization-deepening
responses rather than
scope expansion, due to
absorptive capacity
constraints on
cross-domain integration

Radar-route Path A firms (e.g.,
Wuhan Guide Infrared, Tiandi
Automation) exhibit high
knowledge depth (1.64–1.65) with
relatively concentrated IPC
portfolios; low network constraint
co-occurs with deep-specialization
profiles across the hidden
champion sample (Details can be
found in Section 4.4, Table 6.)

Cross-sectional group
contrast consistent with P1
directionality; not a causal
estimate; selection
confounds not ruled out

Lagged-variable panel
with firm fixed effects;
within-firm variation in
structural hole constraint
predicting subsequent
knowledge depth
concentration

P2 (Betweenness
→ Interface-
Bridging)

Non-dominant firms with
high betweenness
centrality adopt T-shaped
strategies combining core
depth with selective
interface-oriented breadth

Hub-oriented hidden champions
(e.g., Tiandi Automation: high
betweenness, T-score = 2.23) show
broader IPC profiles than
structural-hole occupants;
mechanism pathway contrast in
Section 4.6, Table 7 illustrates
differentiated capability outcomes
across the two network
position types

Mechanism pathway
illustration consistent with
P2 directionality;
cross-group contrast is
descriptive, not inferential

Subsample analysis
restricting to firms with
initially low capability
scores; betweenness
change predicting T-score
change within firms over
time

P3 (Policy →
Network
Structural
Moderation)

Policy environments
moderate the R–S–C
mechanism by altering
network structural
heterogeneity:
collaboration-cost-
reducing policies amplify
positional effects;
resource-concentration
policies attenuate them

Industry network density increases
from 0.18 (nascent stage,
2009–2011) to 0.55 (mature stage,
2021–2023), coinciding with
successive Zhuanjingtexin
certification waves and pilot-zone
designations; structural
heterogeneity among
non-dominant firms increases over
the same period (Details can be
found in Section 3.2.1 Figure 5)

Time-series co-movement
between policy waves and
network structural
evolution; temporal
association does not
establish causal attribution

Staggered DiD exploiting
variation in
Zhuanjingtexin
certification cohort timing;
geographic regression
discontinuity around
pilot-zone boundaries

3.2. Sample Selection and Data Processing
3.2.1. Industry-Level Patent Analysis: The Evolution of Technological Landscape in the
Autonomous Driving Innovation Ecosystem

This subsection aims to map the technological collaboration network of the au-
tonomous driving industry as an integrated ecosystem and to characterize its evolutionary
patterns. Within the R–S–C (Resources–Strategy–Capability) framework, this industry-level
analysis corresponds to the characterization of the resource environment (Resources). The
underlying logic is that the extent to which firms can “leverage” networked growth de-
pends first on whether industry-level resources are connectable and whether technological
spillovers exhibit sufficient breadth and depth.

To operationalize this stage, we define the unit of analysis as organizations (nodes),
including firms, universities, and research institutes, and define edges as joint patenting
relationships that indicate technological collaboration.

The analysis addresses three structural questions: (1) Are technological resources
concentrated or dispersed? (2) Do network boundaries open to cross-domain actors?
(3) Does collaboration evolve from random interconnections toward structured convergence
over time?

Methodological boundary: this subsection focuses exclusively on the evolution of
the industry-level morphology and does not introduce firm-level performance measures
nor does it presuppose a “hidden champion vs. incumbent” contrast; it thereby pro-
vides an exogenous environmental background for subsequent micro-level asymmetric
competition analysis.

We focus on invention patents as the empirical unit and draw data from the Derwent
Innovations Index (DII). We retrieved records by searching the Topic (TS) field for the fol-
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lowing terms: TS = “self-driving car*” OR “driverless car*” OR “autonomous vehicle*” OR
“self-piloting automobile*”, where * is a wildcard capturing basic lexical variants. Consid-
ering the dynamic evolution of autonomous driving technologies, we set 2009—the launch
year of Google’s self-driving project—as the starting point and adopt rolling three-year
windows to delineate evolutionary stages; a three-year window [43] effectively captures
the continuity of innovation activities. Accordingly, we divide the industry network evo-
lution into five windows: 2009–2011, 2012–2014, 2015–2017, 2018–2020, and 2021–2023.
We constrained the search to records within the subject categories of Telecommunications,
Transportation, and Computer Science and obtained 28,469 valid patent records (search
cutoff: 31 December 2023). Data cleaning and dimensionality reduction were implemented
using ITG Insight: we exported raw DII records to plain-text (txt) format and extracted key
fields including patent number, application date, title, classifications, assignee, citations,
and abstract. We standardized and merged assignee names, removed patents assigned
to individuals (because the unit of analysis is organizations), and eliminated redundant
records to produce a cleaned, analysis-ready patent dataset. In the resulting organization-
collaboration network, nodes represent patent assignees and edges represent joint patenting
relationships; edge width encodes the frequency of joint applications, thereby proxying
collaboration intensity. We compute standard network structural metrics to analyze tem-
poral changes in concentration, boundary openness, and collaboration patterns across the
five windows.

At the industry level, we evaluate generic technology spillovers along two comple-
mentary dimensions: depth and width.

Generic Technology Spillover Depth (GTSD) is operationalized by forward citations
to the focal generic patents—that is, the number of times a generic patent is cited by
subsequent patents—which captures the degree of linkage between the generic patent
and later technological development. A higher GTSD indicates that a generic technology
has deeper spillover effects because it is frequently referenced in later inventive activ-
ity, implying stronger technological connectivity and potential influence on subsequent
innovation trajectories.

Generic Technology Spillover Width (GTSW) is measured by the diversity of techno-
logical classes among patents that cite the focal generic patents, operationalized through
the count of distinct Derwent classification (DC) codes and IPC subclass codes attributed to
citing patents (i.e., the citing patents’ generality). A larger GTSW signals that the generic
technology influences a wider range of technical fields, indicating cross-domain applicabil-
ity and a broader scope of technological diffusion.

Practically, both GTSD and GTSW are computed from the cleaned DII patent records:
GTSD by summing forward citations to focal generic patents (with citation windows con-
sistent with the rolling three-year design), and GTSW by counting distinct DC and IPC
subclass codes among citing patents for each focal generic patent. These two complemen-
tary indicators jointly characterize the industry’s resource environment by capturing how
deeply and how widely core generic technologies diffuse, thereby informing the external
opportunity structures in which firms embed.

To delineate the technological boundary of the study, we abstract the core technolo-
gies of autonomous driving into four functional modules: environment perception, con-
trol/execution, decision and planning, and communication. Figure 4 is a conceptual
decomposition of the autonomous driving technology system rather than a statistical re-
sult; its role is to specify the scope of “core generic technologies” for subsequent patent
analysis—that is, to answer “which technologies are we studying?” rather than to report
relative counts or distributions across technology categories. Building on this functional
decomposition and drawing on Greiner’s stages of organizational growth [44], we parti-
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tion the industry-level technology-collaboration network evolution into three life-cycle
stages—nascent (firm age ≤ 5 years), growth (5–10 years), and mature (>10 years)—to ex-
amine stage-specific network dynamics. This life-cycle partitioning provides a theoretically
grounded temporal framework for comparing structural network features (e.g., density,
centralization, community structure) across different maturity stages, thereby linking the
industry-level resource environment to subsequent firm-level embedding analyses.

Figure 4. Core Technologies of the Autonomous Driving Industry Chain.

By computing network maps across three stages (see Figure 5), we find that temporal
evolution is the principal driver reshaping the industry’s collaboration network structure.
The resource environment of the autonomous driving industry exhibits the following
evolutionary features:

(1) Scale expansion and boundary blurring: Over time, the number of network nodes
increases substantially; the network is no longer limited to incumbent automobile manufac-
turers but increasingly includes technology giants and Tier-1 suppliers, producing a clear
open-innovation orientation at the network boundary.

(2) Shift from random ties to structural convergence: The network evolves from
dispersed, small-scale “island collaborations” in the early stage to pronounced structural
convergence in maturity: network density rises from an initial 0.18 to above 0.55 in the
mature stage. This change indicates that intra-industry resource circulation ceases to be
the primary barrier—firms’ key challenge shifts from “discovering resources” to “securing
strategic positions within a dense network.”

(3) Heterogeneous resource distribution: Despite overall expansion, technological
spillovers and collaboration benefits concentrate in a pronounced core–periphery structure.
This implies that although the environment generates resource opportunities for all partici-
pants, the efficiency with which individual nodes capture those opportunities will depend
on their micro-level network attributes, analyzed in the subsequent stage.
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Figure 5. Evolution Diagram of Open Collaborative Networks for Technological Innovation in the
Autonomous Driving Industry.

3.2.2. Firm-Level Patent Analysis: Network Positional Heterogeneity and Asymmetric
Competitive Advantage

After establishing that the industry network is becoming more open and expansive,
we focus on the firm level to examine how different types of firms occupy distinct positions
within the same technological network. The industry-level analysis demonstrates that the
resource environment is connectable but does not explain why particular hidden cham-
pions capture disproportionate resources and technological advantages within the same
ecosystem. Social network theory (SNT) posits that competitive advantage in networks de-
pends not only on network scale but critically on a node’s structural position. Accordingly,
this stage contrasts network-position metrics for hidden champions and global leaders to
answer the core question “who occupies advantageous positions in the network?”—linking
directly to the Strategy and Capability components of the R–S–C framework.

Building on the industry-level network findings, we do not treat hidden champions
as a homogeneous class; instead, we classify them by their structural positions within
the collaboration network. This classification serves as the key linking mechanism be-
tween industry-level network structure and firm-level Strategy–Capability differences.
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Accordingly, we select a sample of 26 Chinese hidden-champion autonomous-driving firms
(source: MIIT “Specialized, Refined, Distinctive and Innovative” list + China Intelligent
Economy Database) and 14 global leading firms (e.g., Tesla, Waymo, Bosch) as a comparison
group. The hidden-champion sample is further restricted to the perception subsystem
(Environment Perception, Category A—covering six subdomains including cameras and
LiDAR), reflecting their technical specialization and avoiding a homogeneity bias when
compared to vertically integrated global leaders.

Patent data were retrieved from Dawei Innojoy and the Derwent Innovations Index
(DII) and cleaned to yield 87,054 patents for hidden champions (48,971 granted) and
1,736,129 patents for global leaders (1,763,004 granted). For collaborative ties, we use SDC
Platinum’s record of approximately 118,000 global R&D alliances to match inter-firm joint-
R&D relationships. We narrow network nodes to “hidden champions vs. global leaders,”
and define edges as a weighted combination of joint patent applications and R&D alliances
(edge weight = collaboration frequency). Drawing on social network theory and dynamic
capabilities, we select two classes of key indicators and interpret them as summarized in
Table 3.

Table 3. Explanation of Key Indicators and Measurement Rationale.

Dimension Core Indicator Measurement Strategic Significance (R–S–C Framework)

Network Control Capability Betweenness Centrality

The probability that a focal
node lies on the shortest
paths connecting other nodes
in the network

A higher value indicates a firm’s ability to
control the flow of knowledge and resources,
enabling the translation of industry-level
technological opportunities into firm-level
strategic flexibility (S). For example, lidar firms
such as Hesai influence industry standards
through cross-licensing of patents.

Resource Acquisition
Efficiency Structural Hole Constraint Burt’s constraint:

C = ∑ j ̸=k( pij + pik pjk)
2

A lower value indicates access to
non-redundant information advantages,
allowing firms to maximize resource leverage
efficiency (R). For instance, millimeter-wave
radar firms bridge automakers and university
research institutes to acquire cross-domain
technological knowledge.

To operationalize technological specialization, autonomous driving technologies are
categorized into four systems and 18 subdomains based on IPC codes (see Table 4), with
three focal metrics analyzed. Detailed information on the distribution of sample companies
across technological fields and sub-fields is presented in Appendix A, Table A1.

(1) Knowledge Depth: Measured by forward citation frequency of patents in specific
subdomains (e.g., citations to G01S 17/89 patents for LiDAR), proxying technological
deepening capability.

(2) Knowledge Breadth: Measured by the number of distinct IPC subclasses covered
by a firm’s patents, reflecting cross-domain collaborative ability.

(3) T-shaped Layout Score: Calculated as (Knowledge Depth × 0.6) + (Knowledge
Breadth × 0.4), where weights reflect the technical characteristics of perception subsystems.
This score enables comparative analysis of integrated technological strength between
hidden champions and leading firms.

Methodological Notes
(1) This stage of analysis explicitly distinguishes differences in network position from

differences in firm performance.
(2) Rather than comparing firms in terms of revenue or market share, the analysis ex-

amines the association between network metrics and technological configurations, thereby
revealing how structural advantages are translated into technological advantages.
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(3) The sample is restricted to the perception system domain to avoid measurement
bias arising from heterogeneity in business scope (e.g., patent advantages of leading firms
in decision-making or planning systems are not included in the comparison).

(4) Subsequent quantitative analyses assess the explanatory power of network position
indicators on T-shaped technological configuration scores, using measures of knowledge
breadth and knowledge depth, in order to ensure the statistical robustness and significance
of the results.

Table 4. IPC-Based Classification of Technological Fields and Sub-fields.

Technology Field Sub-Field Primary IPC

1. Environmental Perception

1.1 Camera H04N 5/225, H04N 5/232, G02B 7/28, G02B 13/14,
G03B 17/00, H04N 21/00, H04N 5/225

1.2 LiDAR (Light Detection and Ranging) G01S 17/89, G01S 17/58, G01S 7/481,

1.3 Millimeter-Wave Radar G01S 13/58, G01S 13/87, G01S 7/295

1.4 Ultrasonic Radar G01S 15/00, G01S 15/88, G01S 15/93

1.5 High-Definition Map (HD Map) G01C 21/26, G01C 21/30, G01C 21/34

1.6 High-Precision Positioning G01S 5/02, G01S 19/01, G01S 5/14

2. Control and Execution

2.1 Brake-by-Wire G06F 17/00, G06F 19/00, G06Q 10/06

2.2 Human-Machine Interaction (HMI) H01L 27/00, H01L 29/00, H01L 31/00

2.3 Steer-by-Wire G06F 15/16, G06F 9/445, G06F 13/00

2.4 Integrated Vehicle Control G06F 9/44, G06F 9/455, G06F 9/46

3. Decision and Planning

3.1 Algorithm B60W 30/14, B60W 10/18, G01C 21/36

3.2 Chip B60R 21/0136, B60R 21/34, G05D 1/02

3.3 Computing Platform B60T 8/17, B60T 13/66, B60T 13/74

3.4 Smart Cockpit G05D 1/02, B60W 10/20, B60R 21/0136

4. Communication Systems

4.1 V2X Communication Module H04L 12/24, H04L 29/06

4.2 Electronic and Electrical Architecture (EEA) H04L 29/06, H04L 12/24

4.3 Security Solution G06K 9/00, G06F 21/00

4.4 Integrated Control System G06F 21/00, H04L 29/06

The analytical procedure follows four stages: (1) Network Construction: Construct a
multi-valued weighted network with 26 hidden champions and 14 leading firms as nodes,
and edges defined by joint patent applications/R&D alliances. (2) Network Metrics Calcula-
tion: Compute metrics (e.g., betweenness centrality, structural hole constraint) via UCINET
to compare positional differences between the two groups. (3) Technology-Strategy Align-
ment: Coupling network metrics with T-shaped scores to analyze how network positions
influence technological strategy choices. (4) R–S–C Framework Validation: Test whether
network positional advantages explain hidden champions’ asymmetric advantages through
the pathway “resource leverage → strategic differentiation → capability leap.”

This section quantifies network positional differences to provide microfoundations
for the “Strategy (S)” and “Capability (C)” components of the R–S–C framework. Hidden
champions achieve resource integration and technological breakthroughs at a lower cost,
not through scale expansion (unlike leaders) but by occupying critical structural holes in
“small-world networks”—a mechanism validated via specific cases (e.g., Hesai Technology,
Sunny Optical) in subsequent results.

To clarify the evolutionary logic of this empirical design, the sample comprises 26 Chi-
nese hidden champions in perception systems (source: CASTED “China Intelligent Econ-
omy Database”), stratified into 8 types based on ecosystem roles for patent analysis. Au-
tonomous driving technologies are further classified into 18 IPC-mapped subdomains
(Table 4), ensuring traceable technological attribution of patents.
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Data collection follows six steps: (1) Retrieve listed firms’ patents via name–assignee
matching; (2) Identify core technologies from patents to select focal firms; (3) Extract sup-
plier/customer lists from CNRDS to build industry chain networks; (4) Retrieve industry
chain firms’ patents from patent databases; (5) Match focal and chain firms’ patents to
identify derivative patents around core technologies; (6) Extract geographic coordinates
via Amap to construct inter-firm distance datasets. Technical route analysis compares
global leaders and Chinese hidden champions specializing in perception systems within
autonomous driving.

4. Empirical Grounding of the R–S–C Mechanism: Firm-Level
Patent Analysis
4.1. Operationalizing Hidden Champions: Sample Identification Criteria

A central methodological challenge in this study is the identification of hidden cham-
pions from the broader population of firms active in China’s autonomous driving industry.
Unlike dominant platform firms—whose visibility, scale, and market positions are readily
observable—hidden champions are defined by a combination of niche leadership, scale
constraint, and technological focus that requires explicit operationalization. This section
specifies the multi-dimensional identification criteria applied in sample construction, dis-
cusses their rationale, and acknowledges potential selection biases.

Dimension 1: Niche market leadership. Following Simon’s (1992, 2022) foundational
characterization, hidden champions are identified as firms holding leading positions [3,5]
within narrowly defined technological or product niches rather than across the industry as
a whole. In the autonomous driving context, niche leadership is operationalized as a firm’s
patent citation share within a specific technological sub-domain exceeding a defined thresh-
old relative to the firm’s overall citation share in the broader industry. Specifically, a firm
qualifies on this dimension if its within-niche citation share is at least 2 times its industry-
wide citation share, indicating that its technological contributions are concentrated in and
recognized within a specific module rather than distributed across the system. Sub-domains
are defined according to the International Patent Classification (IPC) codes corresponding
to the core technological modules of autonomous driving: perception systems (LiDAR,
camera, radar), decision-making algorithms, vehicle-infrastructure communication, and
control systems.

Dimension 2: Scale non-dominance. Hidden champions are distinguished from ar-
chitectural leaders and platform orchestrators by their absence of system-level control.
Scale non-dominance is operationalized along two criteria applied jointly: (a) total R&D
expenditure below the industry 75th percentile in each observation year, excluding firms in
the top quartile of absolute scale; and (b) absence from the set of firms identified as platform
orchestrators—defined as firms holding cross-module patent portfolios spanning three or
more major technological sub-domains simultaneously with above-median citation central-
ity in each. This exclusion criterion ensures that firms with de facto architectural influence
are not classified as hidden champions even if their revenue or headcount appears modest.

Dimension 3: Technological focus. The third dimension captures the depth and
concentration of a firm’s technological activity within its primary niche. Technological focus
is operationalized using the patent concentration index (PCI), defined as the Herfindahl-
Hirschman Index of a firm’s patent applications across IPC sub-classes: higher values
indicate greater technological concentration. Firms with PCI above the sample median are
classified as technologically focused. This criterion distinguishes hidden champions from
generalist SMEs that operate across multiple technological areas without establishing deep
expertise in any single domain.
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Combined identification rule. A firm is classified as a hidden champion in a given
observation period if it satisfies all three dimensions simultaneously: niche market
leadership (Dimension 1), scale non-dominance (Dimension 2), and technological focus
(Dimension 3). This conjunctive criterion—requiring all three conditions rather than a
weighted composite—reflects the theoretical argument that hidden champions are defined
by the co-presence of depth, focus, and non-dominance rather than by any single character-
istic. Firms satisfying only one or two dimensions are retained in the dataset as comparison
observations but are not included in the primary hidden champion sample.

The leading enterprise group consists of firms that satisfy the niche leadership criterion
but fail the scale non-dominance criterion—that is, firms with broad architectural influence
and above-75th-percentile scale, representing the dominant actors against which hidden
champions’ positional strategies can be compared.

Sample boundary and selection bias. Several potential selection biases warrant explicit
acknowledgment. First, the reliance on patent data as the primary identification instrument
introduces a bias toward firms with formal IP strategies; hidden champions that compete
primarily through trade secrets or process innovation rather than patents may be system-
atically underrepresented. This limitation is partially mitigated by the focus on China’s
autonomous driving industry, where patent filing is the dominant mode of technological
appropriation among technology-intensive firms. Second, the scale non-dominance crite-
rion is defined relative to the observation-year distribution, meaning that a firm classified
as a hidden champion in an early period may transition out of the category as the industry
matures and scale thresholds shift. Time-varying classification is addressed in the empirical
analyses by constructing firm-year observations and allowing hidden champion status to
change across periods. Third, the niche leadership criterion based on citation share may
undercount firms whose contributions are primarily embedded in standards or interface
specifications rather than citable patents.

4.2. Technological Pathways and Measurement Framework

The 26 hidden champions and 14 leading enterprises identified above are distributed
across two dominant technological pathways that structure competitive positioning in
China’s autonomous driving industry. Understanding these pathways is necessary for
interpreting the knowledge depth and breadth measures used to operationalize the strategic
orientation variable (S) in the R–S–C framework.

The current mainstream approaches can be classified as follows. First, vision-dominant
solutions (exemplified by Tesla) rely primarily on cameras as the main sensor, with
millimeter-wave radar as supplementary, using computer vision algorithms for environ-
mental perception. This approach benefits from hardware maturity and lower costs but
faces limitations in detection angle and long-range perception, creating strong depen-
dence on algorithmic compensation. Second, multi-sensor fusion solutions (exemplified by
Waymo, Baidu Apollo, and WeRide) integrate LiDAR as the primary sensor with millimeter-
wave radar, ultrasonic sensors, and cameras. This combination enables long-range, high-
resolution environmental perception but at a substantially higher hardware cost.

These two pathways define structurally different competitive landscapes for hidden
champions. Vision-dominant ecosystems concentrate value in algorithmic depth, creating
conditions favorable to Path A specialization strategies. Multi-sensor fusion ecosystems
require hardware-software interface coordination across multiple module types, creating
conditions favorable to Path B T-shaped strategies.

To operationalize the knowledge depth and breadth measures that proxy for strate-
gic orientation (S), this study employs the computational approach developed by Jiang
et al. (2024) [45]. Knowledge depth is measured as the citation concentration of a firm’s

https://doi.org/10.3390/systems14050558

https://doi.org/10.3390/systems14050558


Systems 2026, 14, 558 27 of 41

patents within its primary IPC sub-class; knowledge breadth is measured as the normal-
ized entropy of patent applications across sub-classes. The combined knowledge breadth
and depth profile is summarized as the T-shaped layout score, which serves as the pri-
mary operationalization of strategic orientation in the empirical analyses. Higher T-scores
indicate T-shaped strategies (Path B); low breadth with high depth indicates specialization-
deepening strategies (Path A).

4.3. Determination Indicators

(1) Knowledge Depth
The depth of patent knowledge within a company indicates its familiarity with partic-

ular technological domains and fields. This study evaluates the depth of knowledge by
measuring the overall relative advantage of enterprises within the technological domain.
The specific formula and process for calculating patent knowledge depth are outlined
as follows: first, we determine the relative advantage of a given enterprise in a specific
technological field, defined as the specialization rate:

RTAij =

( Xij
∑i Xij

)
(

∑j Xij
∑i ∑j Xij

)
In this context, Xij represents the total number of type (j) IPCs (International Patent

Classification) involved in all patents of enterprise (i), the term ∑i Xij denotes the total
number of type (j) IPCs across all patents of all enterprises, while ∑

j
Xij indicates the total

number of all types of IPCs involved in the patents of the enterprise (i). Furthermore,
∑i ∑j Xij reflects the total number of all types of IPCs across all patents of all enterprises.
When the Relative Technological Advantage (RTA) is greater than 1, it indicates that the
enterprise has a competitive advantage in the technological field (j) compared to other
enterprises. Additionally, based on the RTA values, the overall advantage of a specific
enterprise in various technological fields can be calculated:

Depthi =
σRTA
µRTA

In this context, σRTA represents the standard deviation of the comparative advantages
of firm i across all its technological domains, while µRTA denotes the mean of the compara-
tive advantages of firm i across all its technological domains. A larger σRTA

µRTA
ratio indicates

that the firm possesses a relatively strong technological advantage across a variety of fields,
whereas a smaller σRTA

µRTA
ratio suggests that the firm’s comparative advantages in most of its

technological domains are not significant.
(2) Knowledge Breadth
The breadth of a company’s patent knowledge indicates the level of heterogeneity

within its knowledge base [45]. This breadth characterizes the diversity of the company’s
knowledge and signifies its willingness and capability to explore new areas and acquire
new information. In this study, we measure knowledge breadth using IPC numbers. The
formula for calculating patent knowledge breadth is as follows:

Breadthi = 1 − ∑j

( Fij

Fi

)2

In this context, Fi represents the total number of all types of IPCs (International Patent
Classification) involved in the patents of enterprise i, while Fij denotes the number of IPCs
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of type j involved in the patents of enterprise i. The ratio
Fij
Fi

indicates the proportion of
each major classification category within the patent classification numbers.

4.4. Calculation and Analysis of Relative Score for Technical Routes

A company is regarded as having a comparative advantage in a specific subfield when
its specialization rate exceeds a unit value of 1, which serves as the threshold for techno-
logical advantages. Additionally, if the specialization rate in that subfield surpasses 2, the
company is classified as having an absolute advantage in that area [46]. Tables 5 and 6
provide a static characteristic analysis of the technological roadmap layouts for leading
enterprises and hidden champions in the autonomous driving sector.

Table 5. Leading Enterprises’ Technology Routes: Relative Score Calculation.

Order Company
Name

Country of
Origin

Radar
Route

Visual
Algorithm

Route

Comprehensive
Application

Average
Specialization

Rate

Knowledge
Breadth

Knowledge
Depth

T-Shaped
Layout

1 Bosch Germany
√

1.95 0.71 1.38 2.09

2 Continental Germany
√

4.55 0.41 1.48 1.89

3 Tesla USA
√

4.31 0.64 1.17 1.81

4 Google
(Waymo) USA

√
5.06 0.75 0.71 1.45

5 Hitachi Japan
√

1.31 0.6 0.85 1.45

6 XPeng
Motors China

√
1.58 0.61 0.75 1.36

7 Huawei China
√

1.19 0.29 1.01 1.3

8 Daimler Germany
√

2.78 0.47 0.76 1.23

9 Toyota Japan
√

2.64 0.66 0.56 1.22

10 Qualcomm USA
√

1.16 0.24 0.95 1.18

11 Infineon Germany
√

1.23 0.38 0.35 0.73

12 NVIDIA USA
√

0.28 0.24 0.44 0.68

13 Sony Japan
√

1.35 0.5 0.08 0.57

14 Baidu China
√

1.6 0.22 0.18 0.4

Table 6. Hidden Champions’ Technology Routes: Relative Score Calculation.

Order Company
Name Radar Route

Visual
Algorithm

Route

Comprehensive
Application

Average
Specialization

Rate

Knowledge
Breadth

Knowledge
Depth

T-Shaped
Layout

1 Lucky Film 0.98 0.68 1.78 2.47

2
Wuhan
Guide

Infrared

√
1.07 0.59 1.65 2.24

3
Tiandi

(Changzhou)
Automation

√
1.02 0.59 1.64 2.23

4

Ningbo
CRRC Times

Sensing
Technology

√
1.42 0.5 1.72 2.22

5 GoerMicro
√

1.34 0.52 1.67 2.19

6

GRINM
Guojinghui

New
Materials

13.01 0.51 1.57 2.08
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Table 6. Cont.

Order Company
Name Radar Route

Visual
Algorithm

Route

Comprehensive
Application

Average
Specialization

Rate

Knowledge
Breadth

Knowledge
Depth

T-Shaped
Layout

7

Chang
Guang

Satellite
Technology

√
1.13 0.55 1.5 2.05

8
Guangdong

OPT
Technologies

√
1.46 0.42 1.61 2.03

9

Nanjing
Morlais
Optical

Technology

√
1.07 0.76 1.27 2.03

10
Beilong

Precision
Technology

√
0.71 0.14 1.72 1.87

11 Guangzhou
XAG

√ √
1.64 0.34 1.14 1.48

12
SmartSens
Technology
(Shanghai)

√
1.47 0.22 1.22 1.43

13
Jiangxi

LianChuang
Electronic

√
6.17 0.19 1.23 1.42

14 GalaxyCore
(Shanghai)

√
0.23 0.3 1.1 1.4

15
AVIC

(Chengdu)
UAS

√ √
42.73 0.72 0.66 1.38

16 Suzhou HC
SemiTek

√
20.1 0.42 0.87 1.29

17
Ningbo Keli

Sensing
Technology

√
2.06 0.34 0.91 1.25

18
Dongguan

Ziton Optical
Technology

√
5.42 0.1 1.09 1.19

19
Shenzhen
Ruiming

Technology

√
9.07 0.45 0.71 1.15

20

Ningbo
Sunny
Optical

Technology

√
1.7 0.5 0.61 1.11

21
Shanghai

Hesai
Technology

√
15.43 0.98 0.12 1.1

22 Yantai iRay
Technology

√
7.28 0.38 0.69 1.06

23
Shenzhen
Transsion
Holdings

√
1.8 0.5 0.36 0.86

24

Hangzhou
Hikvision

Digital
Technology

√
13.17 0.48 0.1 0.57
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Table 6. Cont.

Order Company
Name Radar Route

Visual
Algorithm

Route

Comprehensive
Application

Average
Specialization

Rate

Knowledge
Breadth

Knowledge
Depth

T-Shaped
Layout

25
Zhejiang
Dahua

Technology

√
20.07 0.43 0.13 0.57

26
Sunny
Optical

(Zhongshan)

√
14 0.05 0.09 0.15

From the perspective of specialization rates, the leading enterprises are Google, Con-
tinental, and Tesla, with rates of 5.06, 4.55, and 4.31, respectively. Among the Leading
enterprises, Baidu, Xpeng, and Huawei exhibit specialization rates exceeding 1, indicating
a relative technological advantage. The overall comparative advantage ratio for leading
enterprises stands at 93%, while the absolute advantage ratio is 36%. The top three hidden
champions—AVIC Drone, Huaxing Yuanchuang, and Dahua—have specialization rates of
42.73, 20.10, and 20.07, respectively. Notably, the specialization rate of hidden champions is
more than five times that of leading enterprises, demonstrating a clear absolute advantage.
The overall comparative advantage ratio for hidden champions is 88%, accompanied by an
absolute advantage ratio of 46%. The average specialization rate for leading enterprises is
2.21, with a standard deviation of 1.41 and a ratio of 1.57. In contrast, hidden champions
have an average specialization rate of 7.14, a standard deviation of 9.44, and a ratio of
0.76. Regarding average values, the knowledge breadth of hidden champions is 0.45, while
their knowledge depth is 1.04. For leading enterprises, the knowledge breadth is 0.48,
and the knowledge depth is 0.76. These findings suggest that while leading enterprises
demonstrate strong overall capabilities, hidden champions focus on specialized business
development, resulting in a significant disparity in strength.

Leading global enterprises must enhance their knowledge breadth, which necessitates
support from other companies. This need underscores the importance of collaboration
between hidden champions and global leaders, as the latter simultaneously expands the
scope of technological innovation. In terms of knowledge depth, Bosch, ContiTech, and
Tesla exceed the average levels of global leaders. Notably, Bosch’s “T” shaped layout
strength is over five times greater than that of China’s Baidu. This disparity highlights
the gap between Chinese enterprises in the autonomous driving sector and their global
counterparts. Among the hidden champions in China’s autonomous driving field, the
knowledge breadth has not yet reached industry-leading levels. These findings suggest an
urgent need for collaboration with other companies to enhance knowledge breadth.

However, 57.7% of these hidden champions have attained a leading level of knowledge
depth, which reflects their technological depth and specialization advantage. In terms
of the “T” shaped layout, 84.6% of industry-leading hidden champions are represented,
indicating the initial effectiveness of China’s proactive external expansion. Concerning
technological layout, the strengths of enterprises leading the radar and image recognition
routes are comparable. Among China’s hidden champions, the radar route constitutes
42.3%. The top three companies with leading “T” shaped layouts—Wuhan Guide Infrared
Co., Ltd. (Wuhan, China), Tiandi (Changzhou, China) Automation Co., Ltd. (Changzhou,
China), and Ningbo CRRC Times Transducer Technology Co., Ltd. (Ningbo, China)—are
all focused on the radar route. The findings suggest a relative comparative advantage in
the radar route, while the visual algorithm route lacks momentum and requires strategic
partnerships to enhance its technological strength.
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The statistical analysis presented above clearly indicates that the collaboration be-
tween China’s hidden champions and leading global enterprises is both mutually beneficial
and complementary. However, a significant gap persists between Chinese companies in
the autonomous driving sector and their global counterparts. To improve international
competitiveness, it is crucial for hidden champions in China to take an active role. Despite
facing challenges, these hidden champions have shown considerable strength in technol-
ogy development, which enhances confidence in their collaboration with global leaders.
Nevertheless, while the radar technology approach of China’s autonomous driving hidden
champions demonstrates a developmental advantage, the visual algorithm approach lacks
sufficient momentum. Thus, a strategic technological framework is essential to strengthen
their capabilities.

4.5. Research Results
4.5.1. Industry Level: Empirical Grounding of the R–S–C Framework

Building on the integrated Resources–Strategy–Capabilities (R–S–C) framework,
this study uncovers the networked growth trajectories of hidden champions in China’s
autonomous-driving industry and their stage-specific evolutionary patterns. The results
indicate a clear three-stage developmental logic in the industry innovation network. On the
resource dimension, hidden champions move from an initial phase of “resource patching”
to “leveraged resource allocation,” and finally to “resource coordination and collabora-
tion” in the mature phase. This progression suggests that in complex, high-technology
industries, competitive advantage increasingly depends not on internal stockpiles alone
but on a firm’s ability to access, recombine, and mobilize external resources through the
innovation network.

On the strategy dimension, firms’ strategic emphasis progresses from “survival as-
surance” to “integrative development,” ultimately orienting toward influence over key
technical interfaces and system evolution pathways. Hidden champions do not seek
to displace global leaders’ system-level dominance; rather, they embed themselves into
critical modules and interfaces to construct strategically dependent positions within the
broader system.

On the capabilities dimension, firms exhibit a sequential capability build-up from tech-
nological innovation to strategic decision flexibility and, subsequently, to system-control
capabilities. Further dual-dimension analysis of generalized technology spillover depth
(GTSD) and width (GTSW) shows that global leaders dominate technology standard setting
and network expansion, while hidden champions, via technological specialization, enhance
network openness and diversity. Crucially, when collaboration network density exceeds
a threshold of 0.55, strategic decision flexibility becomes the core variable maintaining
ecosystem stability—providing new empirical support for the dynamic applicability of
resource-dependence theory in hard-technology contexts.

Overall, the R–S–C framework not only characterizes the existence of hidden cham-
pions’ growth trajectories but also reveals their internal evolution mechanisms: resource
advantage derives from network substitution effects, strategic shifts manifest as system-
entrusted embedding, and capabilities materialize as structural flexibility within high-
density networks.

4.5.2. Firm Level: A Critical Analysis of Technological-Route Differentiation

By comparing patent data for 26 Chinese hidden champions and 14 global leaders, we
identify pronounced technological-route divergence in the autonomous-driving perception
subsystem and its structural consequences.
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On hardware-dominated routes such as radar, hidden champions exhibit a clear modu-
lar advantage. Their mean Knowledge-Depth score is 1.04 and the mean specialization ratio
reaches 7.14, indicating stable technological control over specific physical modules. This
finding supports a threshold effect of dynamic capabilities in niche technical domains: when
specialization depth surpasses a certain level, breakthrough efficiency increases markedly.

By contrast, on vision-algorithm-dominated routes, hidden champions show pro-
nounced volatility in Knowledge-Breadth (standard deviation = 9.44), substantially higher
than that of global leaders (SD = 1.41). This pattern indicates structural constraints in cross-
module integration, algorithmic fusion, and system-level collaborative innovation, which
hinder hidden champions from securing stable advantages at high-value architectural
control nodes.

The “T-shaped” analysis further shows that Chinese hidden champions have a sig-
nificant comparative advantage in Knowledge-Depth—57.7% reach technology-leading
levels—but are broadly weak on Knowledge-Breadth. This “deep but narrow” profile is
not a mere deficiency in capability but reflects a structural cleavage between module-level
optimization and architecture-level dominance. Hence, improving international competi-
tiveness will hinge less on expanding patent counts or superficial diversification and more
on converting module-level depth advantages into system-level architectural complements
and synergistic influence via deliberate technological strategy.

The evolutionary trajectory of China’s autonomous driving ecosystem reveals a pro-
gressive transformation in the dominant resource conditions, strategic orientations, and
capability requirements across different industrial stages. During the early formation stage,
innovation activities were primarily constrained by technological uncertainty and limited
inter-organizational collaboration. Under these conditions, firms relied heavily on deep
specialization in narrow technical domains to secure survival advantages, with innovation
capabilities concentrated in module-level technological breakthroughs. As the industry
entered the growth stage, increasing policy support, expanding collaborative networks,
and rising technological interdependence gradually reduced isolation among innovation
actors. Firms began to adopt more outward-oriented strategic configurations, combining
technological specialization with selective cross-domain cooperation to improve system
compatibility and market adaptability. In the mature stage, ecosystem-level coordination
and interface integration became increasingly important. Competitive advantage no longer
depended solely on isolated technological depth, but on the capability to coordinate het-
erogeneous modules, manage cross-domain interfaces, and participate in architectural
standard formation. This evolutionary process demonstrates that the R–S–C mechanism is
not static across industrial development, but dynamically conditioned by changing ecosys-
tem structures and collaboration environments. As ecosystem interdependence intensified,
firms gradually differentiated into distinct network positions, creating heterogeneous
pathways for resource acquisition, strategic adaptation, and capability formation.

4.6. Differential Mechanisms of Networked Growth

To open the logical black box between industry-level macro evolution and firm-level
micro heterogeneity, we map quantitative network indicators back to firm strategic be-
haviors and construct the R–S–C (Network Position R → Strategic Choice S → Capability
Outcome C) differentiation mechanism chain summarized in Table 7. We find that hidden
champions are not a homogeneous class: structural variation in their network positions
directly constrains strategic choice and yields three distinct types of hidden-champion
growth trajectories.
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Table 7. Illustrative Mapping of Network Position Indicators to R–S–C Mechanism Pathways:
Descriptive Evidence from China’s Autonomous Driving Industry.

Firm Type Representative Firm Network Position—R (Key
Indicators) Strategic Orientation—S Capability Outcome—C

(Ecosystem Role)

Modular Hidden
Champion Wuhan Guide Infrared Structural hole–oriented (low

constraint; high effective size)

Specialization deepening:
focused module–specialist
strategy

Module-anchoring
capability → key node
supplier

Hub-Oriented
Hidden
Champion

Tiandi Automation
High betweenness centrality
(high BC score; moderate
constraint)

T-shaped configuration:
collaborative expansion
strategy

Interface-bridging
capability → system
integration enabler

Architecture-
Dependent
Hidden
Champion

Sunny Optical Peripheral bridging (high
degree; weak structural holes)

Path-dependent scale
expansion

Limited modular
capability →
platform-dependent
follower

Leading Firm
(Benchmark) Bosch Multi-dimensional centrality

(high BC + low constraint)
T-shaped configuration +
standardization

Rule- and standard-setting
capability → architecture
orchestrator

Note: Group differences are reported for illustrative purposes; formal significance testing is left to future
confirmatory research.

To explicate how hidden champions realize differentiated growth through distinct net-
work positions, we integrate the R–S–C chain into identifiable mechanism pathways derived
from the industry innovation network, and identify three representative mechanism paths.

1⃝ Mechanism Path 1—Structural-hole driven “module-specialization” path.

This is the baseline survival mode for many hard-tech hidden champions (e.g., Giantec
Infrared, LeiShen Intelligent): they do not occupy core hub positions but exploit structural
holes that connect different technical clusters to gain privileged access to heterogeneous,
non-redundant knowledge. Network signature: low centrality combined with high effective
size (low constraint); Strategy: constrained by limited direct connections, firms rationally
pursue single-point breakthroughs—concentrating scarce resources on a single physical
performance metric (e.g., radar point-cloud density). Capability outcome: module-control
capabilities—firms become indispensable component suppliers by controlling critical per-
formance parameters, transitioning from “selected” to “system-dependent” modules.

Illustration: Hesai Technology (Hesai) initially occupied a relative “island” in the
global perception network; this peripheral position enabled simultaneous absorption of
heterogeneous demand signals from research institutes, algorithm firms, and overseas
customers, and led Hesai to relentlessly optimize LiDAR detection range, point-cloud
density, and cost structure rather than build a full perception stack.

2⃝ Mechanism Path 2—Betweenness-driven “system-interface” path.

This higher-order path characterizes some leading hidden champions (e.g., Desay SV,
Jingwei Hengrui) that evolve into “system enablers.” Resource mechanism: accumulated
high betweenness confers “bridging rights” over cross-module knowledge flows rather
than merely depth in a single technology; Strategy: firms adopt a T-shaped technical
layout—retain core technical depth while selectively expanding Knowledge Width to
understand and adapt upstream/downstream interface standards. Capability outcome:
specialization broadens into “one-to-many” competence—firms become system-interface
controllers with core capabilities in cross-domain coordination and protocol tuning, thereby
lowering system-level transaction and integration costs.

Illustration: Sunny Optical (Sunny) has a long manufacturing scale and connectivity
in vehicle vision but exhibits “being connected by many” rather than “bridging different
modules,” which constrains its capacity to shape cross-module interface rules and transition
to interface control.
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3⃝ Mechanism Path 3 (contrast)—Dual-high-centrality-driven “architecture-domination”
path.

Represented by global leaders (e.g., Bosch, Huawei), these firms combine high central-
ity with high structural-hole metrics, enabling a T-shaped plus standardization strategy:
they not only connect modules but, via platformization and standard setting, effectively
define inter-module interaction rules. This contrast exposes the “architectural ceiling” for
hidden champions: lacking the dual structural advantages, their optimal strategy is not
blind pursuit of architecture control but complementary embeddedness—achieving the
best fit with incumbent architectures via Path 1 or Path 2.

Illustration: Bosch and several Japanese Tier-1 radar firms not only possess deep
sensing hardware capabilities but, through long-term participation in vehicle-level collabo-
rations, have shaped interface protocols and testing standards—thereby locking industry
evolution at the architecture level.

In sum, at the micro-level, the R–S–C framework materializes as a set of conditional
mechanisms triggered by network position: structural holes imply “opportunity” guid-
ing module specialization, while betweenness implies “responsibility” guiding system
coordination. Hidden champions’ networked growth is essentially the search for resource-
allocation optima under these structural constraints.

5. Discussion
The empirical findings reported in this study advance our understanding of how

non-dominant specialized firms sustain systemic innovation influence in modular service
ecosystems without occupying architectural control positions. This discussion proceeds in
three sections. Section 5.1 develops the theoretical contributions of the dual-path R–S–C
framework across three literature streams. Section 5.2 translates the findings into differ-
entiated managerial implications for non-dominant firm managers, ecosystem platform
leaders, and policymakers.

5.1. Theoretical Contributions
5.1.1. Contribution to Service Ecosystem Research: Non-Dominant Firms as Systemic
Innovation Enablers

Service ecosystem research has predominantly theorized value co-creation from the
perspective of platform orchestrators and architectural leaders, treating non-dominant
actors as peripheral contributors whose systemic influence is mediated by their relationship
to dominant hub firms [1]. The present study challenges this framing by demonstrating
that non-dominant specialized firms—hidden champions occupying critical technological
modules—exert disproportionate system-level influence through mechanisms that are
structurally distinct from those available to dominant actors.

The key theoretical contribution is the identification of two pathways through which
non-dominant firms generate systemic innovation influence without platform control.
Module-anchoring capability (Path A) allows firms to define and stabilize critical tech-
nological nodes that other system actors must accommodate, effectively shaping system
trajectories through depth rather than breadth. Interface-bridging capability (Path B) al-
lows firms to reduce coordination frictions across module boundaries, sustaining system
coherence without exercising governance authority. Both capabilities contribute to what
the service ecosystem literature calls “resource integration” and “value co-creation,” but
through mechanisms that originate in structural network positions rather than in resource
endowment or platform membership.

This reframing has broader implications for service ecosystem theory. If systemic
innovation influence can be sustained through positional depth rather than architectural
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breadth, then ecosystem resilience may depend less on the orchestration capacity of domi-
nant platforms and more on the structural diversity of specialized contributors. Ecosystems
with a richer distribution of hidden champions—firms occupying non-redundant structural
holes and high-betweenness coordination positions—may exhibit greater adaptive capacity
precisely because influence is distributed rather than concentrated.

5.1.2. Contribution to Innovation Network Research: Contextualizing Network
Position Effects

The innovation network literature has established robust associations between struc-
tural position and innovation performance, but has been less precise about the mechanisms
through which these associations operate and the boundary conditions under which they
hold [6,24]. The present study advances this literature by providing a mechanism-level
account of network position effects that is explicitly conditioned on firm type.

The central theoretical advance is the demonstration that structural hole positions pro-
duce opposite strategic responses in non-dominant firms compared to the dominant-actor
predictions in canonical network theory. Rather than facilitating scope expansion—Burt’s
(1992) foundational prediction—structural hole positions drive specialization deepening
among non-dominant firms, [6] because the high tacitness and cognitive distance of cross-
domain knowledge impose integration costs that outweigh information advantages for
resource-constrained specialized firms. This boundary condition—absorptive capacity as
the moderator of brokerage strategy direction—refines the structural hole framework by
specifying when brokerage leads to depth versus breadth, rather than assuming a universal
expansion response.

The parallel contribution regarding betweenness centrality distinguishes the learning
mechanism from the selection mechanism: high betweenness centrality generates interface-
bridging capability through repeated coordination exposure rather than simply selecting
pre-capable firms into bridging positions. This distinction has methodological implications
beyond the present study: cross-sectional analyses that treat betweenness as a performance
correlate conflate selection and learning effects, potentially overstating the static returns to
network position while understating the dynamic returns to positional change over time.

5.1.3. Contribution to Hidden Champion Research: From Static Characterization to
Dynamic Growth Pathways

The hidden champion literature has produced a rich descriptive portrait of niche
specialists—their focus advantages, depth strategies, and niche leadership positions—but
has remained largely static, offering limited explanation of how such firms sustain influence
as modular systems evolve and as their network contexts change [3,5,20]. The present
study reorients this literature toward dynamic growth pathway analysis.

The empirical findings reveal that hidden champions in China’s autonomous driving
industry do not follow a single trajectory. The observed three-stage evolution—from re-
source bricolage through resource leverage to resource collaboration—is not a universal
developmental sequence but a positionally contingent pathway in which network embed-
ding at each stage shapes the feasible transitions available at the next. Critically, only firms
that reposition themselves across non-redundant network ties during the leverage stage
are able to expand their strategic options and participate in system-level coordination at
the collaboration stage. Static niche depth, without positional evolution, tends to produce
firms that remain technically excellent but systemically peripheral.

This dynamic perspective also resolves an apparent paradox in the hidden champion
literature: why do some niche specialists achieve system-level influence while others
with comparable technological depth remain confined to their niches? The answer, the
present framework suggests, lies not in technological capability per se but in the structural
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position through which that capability is expressed and accessed. The “deep but narrow”
knowledge structure observed among hidden champions is not inherently inferior to the
broad architectures of system leaders; it represents a rational positional adaptation that
becomes systemically influential specifically through the network mechanisms identified
in Propositions 1 and 2.

5.2. Managerial Implications

The findings carry differentiated implications for three distinct managerial audiences
whose strategic decisions collectively shape how modular innovation ecosystems function.

5.2.1. Implications for Non-Dominant Firm Managers: Deliberate Network
Position Management

The central managerial message for hidden champion managers is that competitive
advantage in modular systems cannot be achieved through technological depth alone.
Network position—not just capability—determines whether deep expertise translates into
system-level influence. This implies that managers of non-dominant specialized firms
should treat network position as a strategic asset to be consciously managed alongside
technological development, rather than as an incidental outcome of innovation activity.

At the early growth stage, the empirical findings support a concentration strategy:
managers should resist the temptation to diversify into adjacent modules prematurely,
as this dissipates the learning efficiency that produces defensible niche advantages. The
structural hole formation that comes with focused specialization creates the informational
bridging opportunities that become valuable at later stages. However, this focus must
be accompanied by selective external engagement—deliberately choosing collaborative
partners from disconnected technological communities rather than clustering with similar
firms. Network metrics such as effective size and constraint scores provide operational
indicators for evaluating whether current partnership portfolios are generating sufficient
structural leverage.

At the growth-to-leverage transition, managers face the most consequential strategic
decision in the R–S–C pathway: whether to deepen current specialization or to begin
accumulating interface-relevant breadth. The empirical findings suggest that firms occupy-
ing high betweenness positions—those through whom cross-module coordination flows
pass—should invest in building interface-bridging routines even at the cost of short-term
specialization efficiency. Betweenness centrality is a time-sensitive positional advantage:
the coordination knowledge accumulated through high-betweenness positions depreciates
as interfaces become standardized, making early investment in interface-bridging capability
more valuable than delayed investment.

At advanced stages, the translation of the T-shaped strategy into dynamic collaborative
capability depends on participation in standard-setting processes and cross-organizational
coordination venues. Managers should prioritize access to these arenas—through industry
consortium membership, government-sponsored demonstration projects, or collaborative
licensing arrangements—not primarily for the direct knowledge access they provide, but
for the legitimation and capability consolidation functions they enable.

5.2.2. Implications for Ecosystem Platform Leaders: Designing for Hidden
Champion Integration

The findings carry a counterintuitive implication for ecosystem orchestrators: the
systemic innovation contributions of hidden champions are not simply additive to platform-
driven value creation but structurally dependent on the interface design choices made
by platform leaders. Platforms that design tight, proprietary interfaces reduce structural
holes among specialized contributors, compressing the positional variance that activates
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the Path A specialization-deepening mechanism. Platforms that mandate open interfaces
and publish compatibility standards create the cross-module coordination demand that
activates the Path B T-shaped strategy mechanism.

The practical implication is that platform leaders seeking to maximize the systemic
innovation productivity of their ecosystems should adopt differentiated interface gover-
nance strategies. For technological modules where system-level stability requires deep,
consistent expertise—perception hardware being the clearest example in autonomous
driving—platform leaders should design interfaces that protect and reward specialization
depth, creating conditions favorable to Path A hidden champions. For modules where sys-
tem performance depends on cross-domain coordination—software-hardware integration
layers, vehicle-infrastructure communication protocols—platform leaders should design
open, well-specified interfaces that reward interface-bridging capability, creating conditions
favorable to Path B hidden champions.

This differentiated interface governance approach departs from the common platform
strategy of maximizing architectural openness uniformly across all modules. The present
findings suggest that uniform openness may actually suppress specialization depth among
potential hidden champions by reducing the structural protection that makes deep niche
investment rational.

5.2.3. Implications for Policymakers: Collaboration Facilitation over Scale Support

The empirical findings provide direct evidence for a reorientation of industrial policy
instruments away from scale-based firm support toward network-structural interven-
tion. The policy amplification effects identified in Section 4 operate primarily through
the network-structural channel: policies that reduce inter-organizational collaboration
costs increase the structural heterogeneity of innovation networks, thereby amplifying the
positional effects specified in Propositions 1 and 2. By contrast, policies that concentrate
resources toward a small number of incumbent platforms reduce structural variance among
non-dominant firms and attenuate the hidden champion growth mechanisms.

This finding implies that cross-organizational collaboration promotion is a more
effective policy instrument for cultivating systemic innovation capacity than firm-level scale
support, even when scale support is targeted at designated “specialized and sophisticated”
firms. The reason is mechanistic rather than merely empirical: scale support increases
individual firms’ resource endowments but does not change their structural positions in
the innovation network, leaving the network-based growth mechanisms identified here
inactivated. Collaboration cost reduction, by contrast, reshapes the opportunity structure
within which all non-dominant firms operate, creating conditions under which the R–S–C
mechanism can operate across the full population of specialized firms rather than only
among a selected few.

The specific policy instruments most directly aligned with this mechanism include:
subsidies for inter-organizational joint patent filing and collaborative R&D rather than
individual firm R&D; designation of open testing environments that concentrate cross-
module coordination demand; and interoperability requirements that create mandatory
interface negotiation processes through which betweenness centrality positions accumulate
interface-relevant knowledge. Policies of this type generate network-structural effects that
persist after the policy intervention ends, as the collaborative ties and coordination routines
they catalyze become self-sustaining features of the innovation ecosystem.

6. Conclusions
This study develops a dual-path Resource–Strategy–Capability (R–S–C) mechanism

framework to explain how non-dominant specialized firms—hidden champions—sustain
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systemic innovation influence in modular service ecosystems without occupying architec-
tural control positions. Drawing on large-scale patent collaboration network data from
China’s autonomous driving industry across 2009–2023, the empirical analysis illustrates
how structurally distinct network positions generate divergent resource profiles, strategic
orientations, and capability outcomes among non-dominant firms, and how institutional
policy moderates these mechanisms by reshaping network structural heterogeneity rather
than by directly driving firm-level outcomes.

Three main conclusions emerge. First, network position is a structural determinant
of non-dominant firms’ innovation trajectories, operating independently of technological
capability per se. Firms occupying structural hole positions adopt specialization-deepening
strategies that build module-anchoring capabilities, while firms with high betweenness
centrality adopt T-shaped strategies that build interface-bridging capabilities—both en-
abling systemic influence without architectural control. Second, the direction of positional
effects diverges fundamentally from canonical network theory predictions: structural holes
drive specialization deepening rather than scope expansion among non-dominant firms
because the absorptive capacity constraints binding these firms make cross-domain knowl-
edge integration prohibitively costly. This boundary condition—firm type as a moderator
of brokerage strategy direction—refines the structural hole framework and establishes a
theoretically grounded explanation for why similar network positions produce opposite
strategic responses across firm types. Third, institutional policy amplifies rather than
substitutes for network-structural mechanisms: policies that reduce inter-organizational
collaboration costs increase network structural heterogeneity, thereby strengthening the
positional effects specified in Propositions 1 and 2, while resource-concentration policies
attenuate these effects by reducing positional variance among non-dominant firms.

The study contributes to three literature streams. For service ecosystem research, it
demonstrates that non-dominant firms achieve systemic innovation influence through
structurally differentiated network embeddedness rather than platform membership or
resource endowment, challenging the dominant-actor bias that has constrained ecosystem
theorizing. For innovation network research, it provides mechanism-level propositions
that specify when and why structural holes generate depth rather than breadth, advancing
beyond descriptive associations between centrality and performance. For hidden champion
research, it reorients the field from static firm characterization toward dynamic growth
pathway analysis, explaining why some niche specialists achieve system-level influence
while others with comparable technological depth remain peripheral.

For managers, the findings imply that network position should be treated as a strategic
asset to be consciously managed alongside technological development. Hidden champions
should resist premature diversification in early growth stages while deliberately building
structural leverage through selective cross-domain collaborative ties. For policymakers,
collaboration cost reduction—through joint R&D subsidies, open testing environments, and
interoperability requirements—is a more effective instrument for cultivating systemic inno-
vation capacity than firm-level scale support, because it activates the network-structural
mechanisms through which the R–S–C pathway operates across the full population of
specialized firms.

Several limitations should be acknowledged. The central methodological limita-
tion is the theory-building design of the present study: patent-based network analyses
provide illustrative rather than confirmatory evidence, and the endogeneity of network
position—the possibility that superior pre-existing capabilities attract better collabora-
tive partners—cannot be fully resolved without exogenous variation in positional expo-
sure, as detailed in Section 3.1.1. The confirmatory identification strategies specified
in Section 3.1.3—lagged-variable panel designs, subsample analyses, and difference-in-
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differences specifications around discrete policy intervention events—define the research
investments needed to address this limitation in future work. The empirical analysis is
additionally bounded by its single-country, single-industry scope: the combination of
an unusually active policy environment and high modular interdependence in China’s
autonomous driving sector may amplify the mechanisms identified here relative to other
contexts, and empirical validation in industries with weaker institutional coordination
or less pronounced modularity remains a priority. The operationalization of capability
through patent-based proxies, while grounded in the theoretical framework, captures
formal knowledge production but cannot directly measure the organizational routines
constituting microfoundations; future research should incorporate three complementary
data streams that map directly onto the dual-path constructs: standard-setting participation
records (e.g., SAC, IEEE, ISO working group memberships) as direct behavioral indica-
tors of interface-bridging activity for Path B firms; supply-chain collaboration data (e.g.,
CNRDS supplier–customer linkages) as relational validation of module-anchoring capa-
bility for Path A firms; and licensing and cross-licensing agreements as evidence of how
technological depth translates into appropriable system-level influence. Mixed-methods
designs combining patent network analysis with firm-level interviews or survey instru-
ments would additionally allow the organizational routines constituting microfoundations
to be examined directly.

These limitations point to a cumulative research agenda. Future confirmatory stud-
ies should employ quasi-experimental designs exploiting exogenous shocks to network
structure—such as geographically differentiated policy rollouts or unexpected partner
exits—to provide stronger causal identification of the R–S–C mechanism. Comparative
research across modular industries with varying degrees of policy coordination and knowl-
edge tacitness would clarify the boundary conditions of the dual-path framework and estab-
lish whether the divergence from canonical network theory predictions generalizes beyond
knowledge-intensive, policy-active contexts. More broadly, integrating the supply-side net-
work mechanisms developed here with demand-side adoption dynamics—examining how
non-dominant firms’ interface-bridging capabilities shape the user-facing compatibility
features that determine technology acceptance [47]—represents a productive direction for
future research on systemic innovation in service ecosystems.
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Appendix A

Table A1. Sample Company Distribution across Technological Fields and Sub-fields.

Technology Field Sub-Field Sample Company Abbreviation

1. Environmental
Perception

1.1 Camera
Sunny Optical, Hikvision, Dahua Technology, GalaxyCore, Transsion, iRay Technology, SmartSens, Ziton Optics,
Ruiming Technology, GRINM Guojinghui, Lucky Film, LianChuang Electronics, OPT, Morlais Optics, HC
SemiTek, GoerMicro, Beilong Precision

1.2 LiDAR (Light Detection
and Ranging) Guide Infrared, iRay Technology, XAG, Hesai Technology

1.3 Millimeter-Wave Radar Hikvision, Dahua Technology, GoerMicro

1.4 Ultrasonic Radar Keli Sensing, CRRC Times Electric

1.5 High-Definition Map (HD
Map) Chang Guang Satellite

1.6 High-Precision
Positioning AVIC UAV, XAG, Tiandi Automation

2. Control and
Execution

2.1 Brake-by-Wire
2.2 Human–Machine
Interaction (HMI)
2.3 Steer-by-Wire
2.4 Integrated Vehicle Control

Advantech, Jinzhou Precision, LONGi Green Energy, Hongfa, Faratronic, CAS Microelectronics, Huace
Navigation, CAS Star

3. Decision and
Planning

3.1 Algorithm Zhenjiang Hydraulics, Wanxiang Qianchao, Longxi Bearing, Tianjin Motor Dies, Shanghai Prime Machinery,
Jiangsu Lixing General Steel Ball, Wanfeng Auto Wheel, Shuanghuan Transmission, NBTM New Materials, Jiuli
Hi-tech Metals, Cemented Carbide, Chenggao Valve, Pacific Precision Forging, Sanhua Microchannel, Heli Mold,
Wolong Electric, Xizi Fuword, Xusheng Auto, Shuaitelong, Shengdi Parts, Gold Phoenix, Wanyou Machinery,
Asia Da Pipe Fittings, Wanliyang, Xuelong Group, Ruili Kemi, Tianxuan Shangjia, Wanxiang Precision, Zhongda
Lide, Langjin Technology, Cralt, Step Electric, Process Equipment, CCIV Bearing, Huawei Tong’an

3.2 Chip

3.3 Computing Platform

3.4 Smart Cockpit

4. Communication
Systems

4.1 V2X Communication
Module

Yangtze Optical Fibre and Cable, NUCTECH, Accelink Technologies, Espressif Systems, Chongqing Mellont,
Shenzhen Genvict, Comba Telecom, Fibocom, O-Net Technologies, Electric Connect Technology, Sangfor
Technologies, Shenzhen Sunway Communication, Shenzhen Invengo, Tianjin 712 Mobile Communication, AVIC
Electromeasuring, Hebei Zhongci Electronics, Xiamen U-Speed, Guangzhou Lubangtong IoT, Guangdong
Topscore, Jiangsu Yongding, Far East Composite Technology, CRRC Qingdao Sifang Rolling Stock Research
Institute, Zhejiang Yizhou Electronics, Huayuan New Material, Beijing EASITIME Digital Technology, Beijing
Zhixin Microelectronics, Beijing CEC Huada Electronic Design, NovAtel
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