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Abstract

The impact of chain-leading (hub) firms’ forward-looking information disclosure on supply
chain collaborative innovation remains underexplored. Based on panel data of Chinese
A-share manufacturing listed firms from 2014 to 2024, this study adopts large-scale textual
analysis to construct a time-varying indicator measuring hub firms’ forward-looking disclo-
sure, and systematically examines its innovation spillover effects and internal mechanisms.
The results show that hub firms’ forward-looking disclosure is positively associated with
a significant increase in the R&D investment intensity of supply-chain node firms. This
spillover effect is negatively moderated by node firms’ information absorptive capacity,
reflecting a typical information substitution effect. Heterogeneity tests further reveal that
the spillover effect is more pronounced among node firms with larger scale, higher supply-
chain network centrality, and stronger supply-chain relationship specificity (proxied by
higher customer concentration). In addition, such innovation spillovers are positively asso-
ciated with improved corporate financial performance, and this profit-conversion effect is
more pronounced among high-leverage firms, which is consistent with an implicit endorse-
ment mechanism that helps alleviate financing constraints. Combining empirical evidence
with industrial governance practice, this paper expands the theoretical boundary of supply
chain collaborative innovation and provides actionable recommendations for optimizing
information disclosure rules and formulating differentiated industrial innovation policies.

Keywords: supply chain hub firm; forward-looking information disclosure; innovation
spillover effect; information absorptive capacity

1. Introduction
Enhancing the autonomy, controllability, and collaborative innovation capacity of

supply chain systems has emerged as a central strategic priority in the restructuring of
global value chains [1,2]. In recent years, the compounding effects of geopolitical tensions
and technological decoupling have triggered recurrent disruptions—such as structural bot-
tlenecks and functional frictions—across industrial networks, markedly escalating systemic
risk exposure [3–6]. Against this backdrop, fostering inter-firm collaboration to elevate the
supply chain’s holistic capacity for innovation has become a critical research frontier at the
intersection of innovation economics, supply chain governance, and strategic management.
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The extant literature confirms that supply chain hub firms leverage their technological,
market, and resource advantages to generate significant knowledge spillovers through their
innovative activities, thereby catalyzing collaborative innovation among upstream and
downstream node firms [7–9]. However, the realization of such spillovers hinges critically
on timely and high-fidelity information exchange among network participants [8].

In practice, information asymmetry across supply chains is both pervasive and struc-
turally entrenched [10]. Vulnerable node firms, particularly small and medium-sized
enterprises (SMEs), often lack reliable access to hub firms’ technological roadmaps and
strategic priorities. Consequently, their R&D decision-making is plagued by heightened
uncertainty, elevated trial-and-error costs, and persistent resource misallocation [11–13].
Prior evidence confirms that this asymmetry significantly constrains SMEs’ innovation
inputs and exacerbates structural imbalances in resource allocation [12,14].

These practical challenges give rise to three interrelated theoretical questions: (1) Can
the informational advantage of hub firms be institutionally leveraged through transpar-
ent, forward-looking disclosures to energize system-wide innovation? (2) How do such
proactive disclosures enable boundary-spanning innovation spillovers? (3) What are
the operational boundaries and associated economic consequences of these disclosure-
driven spillovers?

To address these questions, this study contextualizes its empirical analysis within
China, an emerging economy that provides an ideal setting. Recently, the Chinese govern-
ment has implemented proactive industrial policies, such as the “Chain Leader System”
(Lian-zhang Zhi), cultivating hub firms endowed with ecosystem-level leadership to facili-
tate collaborative breakthroughs across the supply chain. Driven by top-down directives to
enhance supply chain resilience and the efficacy of national innovation systems, assessing
whether hub firms can mitigate intra-chain information asymmetry through proactive,
forward-looking disclosures has become pivotal [9,15].

Grounded in this empirical context, this study identifies three gaps in the existing
literature. First, prior research has mainly examined how disclosure affects the disclosing
firm itself or capital-market participants, while paying less attention to cross-organizational
innovation externalities within supply chain networks. Second, supply chain innovation
studies have emphasized transactional and technical information, but have rarely examined
forward-looking “soft information” that conveys strategic intent and technology roadmaps.
Third, existing studies have not fully integrated signaling theory and absorptive capacity
theory to explain why such disclosures generate heterogeneous spillover effects among
node firms.

To address these gaps, the central contribution of this study is to conceptualize hub
firms’ forward-looking disclosure as a cross-organizational strategic signal that shapes node
firms’ innovation investment. The other theoretical elements are positioned as supporting
mechanisms and boundary conditions: signaling theory explains the transmission process,
absorptive capacity explains heterogeneous signal responses, and network topology iden-
tifies the hub–node structure through which the spillover operates. Compared with the
extant literature, this study offers four main contributions:

First, this study develops a cross-organizational strategic signal-transmission frame-
work for supply chain networks. It clarifies the mechanism through which hub firms’
forward-looking disclosures operate as strategic signals that are scanned, decoded, and con-
verted into innovation responses by supply-chain node firms. By integrating signaling
theory with absorptive capacity theory, this study further identifies absorptive capacity
as a boundary condition characterized by an information-substitution mechanism: node
firms with weaker internal knowledge stocks rely more heavily on hub firms’ public
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strategic signals, whereas firms with richer private knowledge channels exhibit weaker
marginal responses.

Second, this study advances the empirical measurement strategy used in supply chain
research. It applies the PageRank algorithm to identify hub firms from the global transaction
network, moving beyond identification based solely on firm size or direct trading links. It
also constructs a text-based measure of hub firms’ forward-looking disclosure from MD&A
sections, enabling a joint examination of network topology and strategic disclosure.

Third, this study reveals the multidimensional boundary conditions of the innovation
spillover effect. Specifically, it shows that the effect is more pronounced among node firms
with larger scale, higher relative network position, and stronger supply chain relationship
specificity. These findings clarify the contextual dependence of hub firms’ forward-looking
disclosure and provide a theoretical basis for differentiated supply chain innovation policies.

Finally, our analysis of economic consequences reveals that among node firms with
high financial leverage—typically those facing severe financing constraints—the efficiency
of translating innovation spillovers into financial performance is significantly higher. This
finding is consistent with an “implicit endorsement” mechanism. Under this mechanism,
credible forward-looking disclosures by hub firms mitigate lenders’ information asym-
metry, ease credit rationing for financially constrained node firms, and accelerate the
transformation of innovation into profitability.

Collectively, these insights provide practical guidance for designing inclusive collab-
orative innovation ecosystems and tailoring industrial policy interventions to firm-level
heterogeneity. The remainder of this paper is structured as follows. Section 2 develops
the theoretical hypotheses. Section 3 outlines the research design. Section 4 presents the
empirical results. Section 5 reports heterogeneity and economic-consequence analyses.
Section 6 discusses the findings and concludes with policy implications.

2. Theoretical Analysis and Research Hypotheses
2.1. Literature Review
2.1.1. Innovation Spillover Effects of Supply Chain Hub Firms

Regarding the innovation spillover effects of supply chain hub firms (commonly
referred to as “chain leaders”), the extant literature widely acknowledges that their techno-
logical breakthroughs generate substantial positive externalities. At the macro level, these
innovations reinforce the resilience and security of industrial and supply chains via value-
coordinating networks [9,15]. At the micro level, innovation spillovers transmitted through
supply chain networks—particularly via the sharing of structured “hard information” (e.g.,
technical specifications, quality standards, and delivery schedules)—reduce operational
uncertainty and enhance responsiveness among node firms [10,16]. Historically, early
studies in this domain predominantly focused on the transmission pathways of tangible
resources or transactional order information. In recent years, however, scholarly attention
has increasingly shifted toward “information and cognitive coordination” among supply
chain node firms [17,18]. For instance, Liu [17] and Cen et al. [18] investigate how the
transparency and reliability of hub firms’ information shape the innovation decisions and
financing conditions of node firms. This conceptual pivot signals a broader recognition: mit-
igating cognitive biases and decision-making risks stemming from structurally embedded
information asymmetry has become a central theoretical logic that underpins collaborative
innovation in supply chains.

Nevertheless, extant research grounded in the “information and cognitive coordina-
tion” perspective remains largely confined to verifiable, retrospective “hard information”—
such as audited financial statements and contractual transaction records—and typically
adopts a bilateral supply-demand framework. It seldom engages with forward-looking
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information disclosure, which conveys strategic intent, technological roadmaps, and market
outlooks as unstructured “soft information.” Crucially, unlike backward-looking finan-
cial data, forward-looking disclosures carry stronger anticipatory signaling value and
prescriptive guidance functions for the strategic planning of node firms. Consequently,
examining their innovation spillover effects—alongside the underlying mechanisms op-
erating within complex, multi-tiered supply chain networks—represents a timely and
theoretically consequential frontier in innovation and supply chain scholarship.

2.1.2. The Economic Impact of Enterprise Forward-Looking Information Disclosure

The classical voluntary disclosure theory posits that high-quality disclosure serves as a
fundamental contractual mechanism to alleviate information asymmetry and reduce agency
costs [19]. As a crucial channel for revealing management’s strategic intentions [20,21],
forward-looking information disclosure has been empirically demonstrated to lower en-
terprises’ cost of equity capital and enhance the precision of earnings forecasts—a finding
robustly supported across multiple studies [22–24]. Recent evidence also links voluntary
disclosure to corporate innovation outcomes [25].

Within the Chinese institutional context, where corporate governance arrangements
and disclosure practices have distinctive institutional features [26], the forward-looking
content embedded in the Management’s Discussion and Analysis (MD&A) section of annual
reports exhibits pronounced information governance efficacy. Specifically, it improves
pricing efficiency and investment allocation by shaping market participants’ interpretation
and forecasting behavior [27,28]. Recent frontier research further establishes that forward-
looking MD&A disclosures improve the information environment by reducing market-level
information frictions [29].

2.2. Theoretical Derivation and Hypothetical Construction
2.2.1. Forward-Looking Information Disclosure by Supply Chain Hub Firms and
Innovation Spillover Effects

Signaling theory posits that mitigating information asymmetry is a foundational
mechanism for enhancing coordination efficiency across supply chain systems [30–33].
Within complex, multi-tiered supply chains, protracted innovation cycles and deep un-
certainty regarding technological trajectories and market evolution constrain node firms
not only through internal resource limitations but also via acute external informational
deficits. This structural information disadvantage—rooted in non-central or peripheral
network positions—elevates the risk of strategic decision-making, thereby discouraging
R&D investment or inducing path-dependent “follower” behavior among node firms.

The Management’s Discussion and Analysis (MD&A) section is a key channel through
which listed firms communicate strategic intent. Classical signaling theory focuses on the
sender’s motivation and incentive compatibility [30,31]. More recent work emphasizes the
receiver’s environmental scanning, cognitive interpretation, and adaptive response [33–35].
In this study, hub firms’ forward-looking MD&A disclosures are treated as system-level
strategic signals. They trigger a reception process among node firms: “signal scanning →
cognitive decoding → strategic innovation response” [34].

Node firms do not passively absorb hub-firm disclosures. Instead, they conduct
purposeful environmental scanning and assess each signal’s credibility and strategic
fit [33,35,36]. Once decoded, high-quality signals promote innovation investment through
three pathways:

(i) Clarifying technological trajectories: By articulating explicit technology roadmaps
and R&D priorities, hub firms reduce ambiguity regarding future technical direc-
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tions. Node firms leverage these signals to calibrate their R&D portfolios—thereby
minimizing the risk of misallocation due to erroneous technology-pathway selection.

(ii) Reducing information acquisition costs: High-fidelity, publicly disclosed strategic
intelligence substitutes for costly and fragmented market intelligence gathering across
complex networks. This enables node firms to achieve efficient “signal scanning” at a
low opportunity cost—directly lowering both information search expenditures and
innovation trial-and-error expenses [10,16].

(iii) Enabling relationship-specific asset investment: When forward-looking strategic plans
demonstrate strong credibility and long-term commitment, they serve as implicit
relational contracts—signaling reputational assurance and continuity of cooperation.
Such signals mitigate the “hold-up” risk inherent in relationship-specific investments
(e.g., co-developed tooling, customized production lines, or joint IP development),
thereby encouraging node firms to commit dedicated resources toward collabora-
tive innovation.

Furthermore, forward-looking disclosure operates through a financing constraint al-
leviation mechanism. The efficiency with which strategic signals translate into tangible
innovation outputs critically depends on node firms’ access to external capital. Given
the well-documented inhibitory effect of financing constraints on corporate R&D invest-
ment [14,37,38], high-quality forward-looking disclosure by hub firms enhances the finan-
cial capacity of node firms via two complementary pathways:

(i) Mitigating information asymmetry and strengthening cross-organizational trust:
Grounded in signaling theory, credible narrative and forward-looking disclosures
serve as verifiable strategic signals that lower capital market participants’ risk
perceptions—thereby significantly reducing firms’ debt financing costs [39]. Within sup-
ply chain networks, the hub firm’s forward-looking strategic roadmap not only signals
its own operational stability but—through stakeholders’ “signal attribution” process—
also functions as an implicit endorsement mechanism for its node firms’ future order
visibility and revenue sustainability [39–41]. This cross-organizational credit spillover
bridges the informational gap between financial institutions and smaller node firms,
substantially improving their external financing conditions.

(ii) Enabling relational financing and credit extension: Confronted with chronic collateral
shortages, many node firms rely heavily on relational financing anchored in the
credibility of hub firms [40]. The forward-looking “soft information” disclosed by
hub firms—such as technology roadmaps, capacity expansion plans, and long-term
procurement commitments—provides objective, forward-looking anchors for financial
institutions to assess the systemic continuity and coordinated growth potential of
the entire supply chain. Consequently, external funders develop more favorable
interpretations of network-wide developmental coherence, leading to an enhanced
provision of relationship-based credit facilities for node firms [33,41].

Synthesizing these mechanisms, the innovation-spillover pathway triggered by hub
firms’ forward-looking disclosure follows a coherent causal sequence: (1) node firms scan
and decode strategic signals; (2) decoded signals provide information navigation that
reduces decision-making uncertainty; (3) concurrently, the signals alleviate financing con-
straints and mobilize financial support; and (4) this dual cognitive–financial reinforcement
collectively elevates R&D investment and innovation output. Building on this theoretical
logic, we propose:

Hypothesis 1. Forward-looking information disclosure by hub firms positively influences the
innovation investment of node firms—indicating a robust innovation spillover effect.
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2.2.2. Moderating Role of Node Firms’ Absorptive Capacity

The innovation spillover effect generated by hub firms’ forward-looking information
disclosure is inherently heterogeneous—its magnitude and direction critically depend on
the recipient firm’s internal knowledge base and absorptive capacity. Classical absorptive
capacity theory posits that a firm’s ability to recognize, assimilate, and apply external
knowledge is fundamentally contingent upon its stock of pre-existing, domain-specific
knowledge (“a priori knowledge”) [42]. Within complex supply chain networks, the depth
and relevance of a node firm’s internal a priori knowledge determine both its reliance on
and responsiveness to external strategic signals. Following established empirical practice,
this study operationalizes absorptive capacity as the ratio of intangible assets to total
assets—a commonly used proxy for knowledge-intensive resource endowment [43].

Although prior innovation-strategy research has emphasized complementarity be-
tween internal R&D and external knowledge acquisition [44], integrating absorptive capac-
ity theory with signaling theory leads us to propose that the relationship between node
firms’ internal knowledge stock and externally disclosed strategic signals is not comple-
mentary but substitutive in this setting—exhibiting a robust “information substitution
effect” [45]. As documented in open innovation and strategic management literature, when
firms possess high internal knowledge capacity, the marginal value of acquiring additional
knowledge from any single external source diminishes; internal and external knowledge
sources thus function as strategic substitutes rather than complements [45,46].

Specifically:

(i) For node firms with low intangible asset ratios—and consequently limited a priori
knowledge—they face acute informational deficits and technological blind spots. Lack-
ing the independent capability to assess macro-level technology trajectories or market
evolution, such firms treat the high-quality, forward-looking strategic plans disclosed
in hub firms’ annual reports as a “scarce strategic compass.” Their extreme scarcity of
internal information assets renders them highly sensitive to and dependent on such
public signals; consequently, the “information navigation” value of these disclosures is
maximized, significantly amplifying their R&D investment response [12,47].

(ii) Conversely, for node firms with high intangible asset ratios—and thus deep technical
expertise, mature R&D pipelines, and sophisticated market intelligence systems—
the strategic signals disclosed by hub firms serve less as directional guidance and
more as a “validation seal” or reference point. Their rich internal a priori knowledge
enables them to internally replicate or substitute for key functions of external public
signals (e.g., demand forecasting, technology feasibility assessment). As a result,
the marginal impact of hub firms’ forward-looking disclosures on their innovation
decisions exhibits diminishing returns [45].

Based on this theoretical reasoning, we hypothesize:

Hypothesis 2. Node firms’ absorptive capacity negatively moderates the innovation spillover
effect of hub firms’ forward-looking information disclosure. Specifically, the richer a firm’s internal
knowledge stock, the weaker the marginal effect of such disclosure on its innovation investment.

3. Research Design
3.1. Data Sources and Sample Construction

To empirically test the innovation spillover effect of forward-looking information
disclosure by supply chain hub firms, this study utilizes a panel dataset of China’s A-share-
listed manufacturing enterprises spanning from 2014 to 2024. Core data concerning corpo-
rate technological innovation, supply chain transaction relationships, and forward-looking
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textual disclosures are obtained from the China Stock Market & Accounting Research
(CSMAR) database.

To construct a robust and reliable panel dataset, this study implements the following
data-processing procedures: First, we exclude enterprises with abnormal financial status
(e.g., ST and *ST categories). Second, we eliminate observations with missing core variables.
Third, based on actual supply-and-demand transaction flows, we construct a directed
complex network and apply the PageRank algorithm to quantify each node’s centrality,
thereby precisely identifying “hub firms” within the supply chain system and matching
them to their corresponding information disclosure indicators. Finally, we apply a 1%
Winsorization to both the upper and lower tails of all continuous variables to mitigate the
interference of extreme outliers. Following these steps, a final unbalanced panel dataset
comprising 3093 firm-year observations is obtained.

3.2. Definition and Measurement of Variables
3.2.1. Dependent Variable: Innovation Investment of Node Firms

Unlike existing research that often relies on absolute R&D expenditure, this study
adopts the ratio of R&D investment to total assets at the end of the period (R&D asset ratio)
as the core indicator to measure the innovation investment of node firms. Within supply
chain networks, large enterprises inherently possess both high absolute R&D expenditures
and high network centrality [14,48]. Directly using absolute R&D indicators makes the
analysis highly susceptible to spurious correlations driven by the “scale effect.” By stan-
dardizing by asset size, our approach effectively strips away the systematic interference
caused by sheer corporate volume. Consequently, it objectively captures the intensity
with which a node firm’s internal resource allocation tilts toward innovation activities
immediately after it receives and deciphers strategic signals from hub firms.

3.2.2. Independent Variable: Forward-Looking Information Disclosure of Hub Firms

To scientifically operationalize this core variable, the measurement process is divided into
two sequential steps: “hub node identification” and “information disclosure feature extraction.”

Step 1: Identification of “Hub” Nodes Based on Complex Network Topology.
In a supply chain network, an enterprise’s systemic importance is determined not

only by the absolute number of its direct trading partners but also by the relative network
centrality of those partners. Therefore, utilizing detailed supplier and customer transaction
data from the CSMAR database, we construct a global, directed “customer–enterprise–
supplier” transaction topology. Drawing upon recent frontier methodologies in supply
chain network measurement (Gofman et al., 2020) [48], we introduce the classic PageRank
algorithm from social network analysis to quantify the systemic centrality of each node.
A higher PageRank score indicates a superior capacity for resource absorption and infor-
mation radiation within the global network. This study defines enterprises ranking in the
top 10% of annual PageRank scores as “hub firms.” Subsequently, for each micro-sample
node firm, we map and match the transaction partners identified as “hub firms” among its
top five customers and top five suppliers.

Through this rigorous structural identification strategy, we unambiguously differ-
entiate the functional identities of “hub firms” and “node firms” at both the theoretical
and operational levels: Hub firms, anchored by exceptionally high network centrality,
constitute the core engine for resource allocation and information radiation; conversely,
node firms—often situated in relatively peripheral topological positions and grappling
with elevated information asymmetry—act primarily as the receivers of external strategic
signals and the responsive executioners of collaborative innovation.

Step 2: Extraction of Forward-Looking Information Features and Variable Construction.
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Using the CSMAR annual report text database, we conduct computational text analysis
of the MD&A sections. We extract the frequency of explicit, time-oriented, forward-looking
terminology—such as “will,” “expected,” “plan,” “anticipate,” and “outlook.” We then
calculate the proportion of these terms relative to the total word count of the MD&A text and
apply a full-sample Z-score standardization to eliminate dimensional variance. Building on
the structural mapping from Step 1, we extract standardized forward-looking information
scores for all “hub” transaction partners matched to a given focal node firm. Finally, we
calculate the arithmetic mean of these scores to construct the core independent variable
for this study, denoted as CL_Disc (Chain-Leader/Hub Disclosure). The PageRank-based
network topology and hub-firm identification procedure are illustrated in Figure 1.

Figure 1. Supply Chain Network Topology and Chain-Leading Enterprise Identification via PageR-
ank Algorithm. Notes: Nodes represent individual firms; directed links reflect actual supplier–
customer transaction flows. Node size and color intensity (from light to dark red) are strictly
proportional to each firm’s PageRank centrality score (PR). The largest, darkest-red node—exhibiting
the highest PR—denotes a hub firm. Such firms possess a superior capacity to attract resources and
to radiate strategic information across the network, thereby making them the primary hub-firm units
for testing innovation spillover effects in this study.

3.2.3. Moderating Variable: Information Absorptive Capacity of Node Firms

Classical absorptive capacity theory posits that a firm’s ability to decode and internal-
ize external strategic signals is fundamentally contingent upon its accumulation of internal
prior knowledge [42,49]. When confronted with highly specialized, inherently uncertain,
forward-looking intelligence originating from hub firms, the efficacy of node firms’ strategic
responses depends heavily on the depth of their pre-existing knowledge base.

In empirical research, intangible assets—encompassing patents, proprietary software,
and non-patented technologies—serve as the premier objective proxy for a firm’s long-term
knowledge stock [43,50]. The relative scale of intangible assets directly maps the complexity
and information-processing efficacy of internal knowledge networks. Crucially, compared
to traditional flow metrics—such as current R&D expenditure or the proportion of R&D per-
sonnel, which are highly susceptible to mechanical collinearity with the dependent variable
(current innovation investment)—intangible assets function as a cumulative stock indica-
tor. This approach not only provides a more objective reflection of the firm’s underlying
cognitive decoding capabilities but also substantially mitigates endogeneity concerns.
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Accordingly, this study adopts the ratio of intangible assets to total assets to opera-
tionalize the information absorptive capacity of node firms, where a higher ratio signifies
a stronger baseline capacity to decode and transform strategic signals. Empirically, we
partition the sample into high- and low-absorptive-capacity cohorts based on the annual
median of this metric. This classification strategy helps reduce the noise generated by
extreme values, allowing for an assessment of inter-group heterogeneous effects.

3.2.4. Control Variables

Drawing upon the established literature in information disclosure and innovation
management, this study incorporates a comprehensive vector of firm-level characteris-
tics that may systematically influence R&D decision-making as control variables. These
include firm size (Size), profitability (ROA), adjusted leverage ratio (Lev_adj), firm age
(Age), Tobin’s Q (TobinQ), cash flow adequacy (CF_Rate), and operating revenue growth
rate (Growth).

Most notably, we explicitly introduce the node firm’s own network centrality (PageR-
ank_std) as a crucial structural control variable. By holding the node firm’s structural
position constant, we control for the potential confounding effect of its hierarchical status
within the supply chain topology on its propensity to innovate. This allows the empirical
model to more precisely capture the spillover effect derived from hub firms’ strategic
disclosures, rather than the intrinsic resource advantages associated with the node firm’s
own network position. Table 1 summarizes the definitions and measurements of the
main variables.

Table 1. Definitions and measurements of main variables.

Variable Type Variable Name Symbol Measurement

Dependent Variable Node firm innovation investment RD_per_TA Ratio of total R&D expenditure to total assets at
the end of the period

Independent Variable Hub firm forward-looking disclosure CL_Disc Average proportion of forward-looking words of
all corresponding hub firms

Moderating Variable Node firm information absorptive capacity Intang_AC Ratio of net intangible assets to total assets at the
end of the period

Control Variables Firm size Size Natural logarithm of total assets at the end of the
period (in ten billions of RMB)

Network centrality PageRank_std

Z-score standardized PageRank score based on the
global supply chain transaction network,
measuring the firm’s overall status and influence
in the network

Profitability ROA Ratio of net profit to total assets at the end of
the period

Adjusted leverage Lev_adj
Residuals from regressing leverage (total liabilities
divided by total assets) on firm size to
orthogonally remove the scale effect

Firm age Age Natural logarithm of firm age plus one

Tobin’s Q TobinQ Ratio of the firm’s market value to the replacement
cost of assets

Cash flow ratio CF_Rate Ratio of net cash flow from operating activities to
total assets at the end of the period

Revenue growth Growth
Ratio of the change in operating revenue from the
previous period to the previous period’s
operating revenue

3.3. Empirical Model
3.3.1. Benchmark Model

To empirically test the innovation spillover effect of hub firms’ forward-looking in-
formation disclosure on node firms’ R&D investment, we specify the following two-way
fixed-effects panel regression model:

RD_per_TAi,t = β0 + β1 CL_Disci,t +∑
k

γk Controlsi,t +ηj + δt + ϵi,t. (1)
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where subscript i denotes the focal node firm, t denotes the year, and j denotes the industry
to which firm i belongs. The dependent variable, RD_per_TAi,t, captures the node firm’s
innovation intensity, operationalized as the ratio of R&D expenditure to total assets at fiscal
year-end. The core independent variable, CL_Disci,t, represents the standardized forward-
looking information score aggregated from all hub-firm transaction partners topologically
mapped to node firm i in year t. Controlsi,t represents the comprehensive vector of firm-
level control variables discussed above. ηj and δt denote industry and year fixed effects,
respectively, and ϵi,t is the idiosyncratic error term.

The coefficient β1 is the parameter of primary theoretical interest. A statistically
significant and positive estimate of β1 would support Hypothesis 1, indicating that forward-
looking strategic signals radiated by hub firms generate an innovation spillover effect on
structurally linked node firms.

Furthermore, to address potential heteroskedasticity in micro-panel data and to en-
sure reliable statistical inference, we use heteroskedasticity-robust standard errors in all
regression models, following recent best practices in applied micro-econometrics [51,52].

3.3.2. Moderating Effect Test Model

To test whether node firms’ information absorptive capacity moderates the innovation
spillover effect, we extend regression model (1) by introducing a dummy interaction
term. The interaction is constructed between the hub firm’s mean-centered forward-
looking disclosure and the node firm’s high-absorptive-capacity indicator. The resulting
specification is formulated as follows:

RD_per_TAi,t = β0 + β1 CL_Disc_ci,t +β2 High_Intang_ACi,t

+ β3

(
CL_Disc_ci,t ×High_Intang_ACi,t

)
+ ∑

k
γk Controlsi,t +ηj + δt + ϵi,t.

(2)

In this model, High_Intang_ACi,t is a binary indicator equal to 1 if the node firm’s
intangible asset ratio is above the annual median, and 0 otherwise. To reduce poten-
tial structural multicollinearity and improve the interpretability of the interaction term,
the independent variable CL_Disci,t is mean-centered before constructing CL_Disc_ci,t.
The interaction term is therefore specified as CL_Disc_ci,t ×High_Intang_ACi,t.

The coefficient β3 on the interaction term is the parameter of primary interest for
testing Hypothesis 2. Consistent with the information-substitution hypothesis, we expect
β3 to be statistically significant and negative. A negative coefficient would indicate that
node firms with higher absorptive capacity exhibit weaker marginal R&D responses to the
strategic signals disclosed by hub firms.

4. Empirical Results and Analysis
4.1. Descriptive Statistics and Correlation Analysis
4.1.1. Descriptive Statistics

Table 2 presents the descriptive statistics for the final unbalanced panel of 3093 firm-
year observations.

The dependent variable, node firm R&D intensity (RD_per_TA), exhibits a mean of
0.0337 and a standard deviation of 0.0271. These values indicate meaningful cross-sectional
variation in innovation investment among Chinese manufacturing firms. The core explana-
tory variable, hub firm forward-looking disclosure (CL_Disc), is Z-score standardized before
analysis; it has a mean of 0.1349 and a standard deviation of 0.9235. The moderating vari-
able, information absorptive capacity (Intang_AC), operationalized as the intangible asset
ratio, has a mean of 0.0404 and a standard deviation of 0.0278. This cross-enterprise hetero-
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geneity in foundational knowledge endowments justifies the introduction of absorptive
capacity as a boundary condition.

Table 2. Descriptive statistics.

Variables N Mean SD Min Median Max

RD_per_TA 3093 0.0337 0.0271 0.0007 0.0281 0.1666
CL_Disc 3093 0.1349 0.9235 −1.8076 0.0390 2.7139
Intang_AC 3093 0.0404 0.0278 0.0032 0.0343 0.1544
PageRank_std 3093 0.0705 0.3127 −0.2505 −0.0863 1.0126
Size 3093 0.8969 0.5073 0.1266 0.7703 2.6168
ROA 3093 2.7420 5.5915 −6.8904 0.5133 22.5884
Lev_adj 3093 −0.0018 0.0540 −0.0551 −0.0177 0.1905
Age 3093 2.2142 0.9466 0.0000 2.4849 3.4012
TobinQ 3093 1.7162 0.9731 0.8918 1.4012 6.7270
CF_Rate 3093 0.0538 0.0669 −0.1309 0.0521 0.2512
Growth 3093 0.1513 0.3390 −0.4761 0.0902 1.9990

4.1.2. Correlation Analysis

Table 3 presents the Pearson correlation matrix for the principal variables employed in
this study.

As indicated, the core explanatory variable (CL_Disc) and the dependent variable
(RD_per_TA) exhibit a statistically significant positive correlation at the 1% level. This bi-
variate relationship provides preliminary descriptive support for Hypothesis 1, suggesting
that forward-looking information disclosure by hub firms is positively associated with
innovation investment by structurally embedded node firms.

Concurrently, CL_Disc and the moderating variable Intang_AC display a statistically
significant negative correlation (ρ = −0.062, p < 0.01). This structural pattern is consistent
with the theoretical premise of the “information substitution effect”—suggesting that node
firms constrained by relatively scarce internal knowledge stocks are precisely those posi-
tioned in environments where external strategic signals are highly salient. From an econo-
metric standpoint, this negative association also helps alleviate potential multicollinearity
concerns when constructing the interaction term for the subsequent moderation analysis.

Furthermore, the correlation coefficients among all control variables remain relatively
low (all |ρ| < 0.35). To assess potential multicollinearity, Variance Inflation Factor (VIF)
diagnostics were conducted before regression. All VIF values range from 1.02 to 1.37, with a
mean of 1.14, well below the conventional econometric threshold of 10. These diagnostics
suggest that multicollinearity is unlikely to be a serious concern in the subsequent fixed-
effects estimations.

Table 3. Pearson correlation matrix.

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

(1) RD_per_TA 1.000
(2) CL_Disc 0.145 *** 1.000
(3) Intang_AC −0.012 −0.062 *** 1.000
(4) PageRank_std −0.081 *** −0.065 *** 0.068 *** 1.000
(5) Size 0.073 *** 0.032 * 0.007 0.067 *** 1.000
(6) ROA 0.020 −0.018 −0.077 *** −0.093 *** −0.291 *** 1.000
(7) Lev_adj −0.062 *** −0.019 −0.070 *** −0.015 −0.099 *** 0.097 *** 1.000
(8) Age −0.236 *** −0.150 *** 0.019 0.012 −0.386 *** 0.273 *** 0.058 *** 1.000
(9) TobinQ 0.321 *** 0.022 0.015 0.023 0.242 *** −0.079 *** −0.085 *** −0.100 *** 1.000
(10) CF_Rate 0.010 −0.056 *** 0.022 −0.024 0.113 *** 0.249 *** −0.102 *** 0.071 *** 0.147 *** 1.000
(11) Growth 0.165 *** −0.019 −0.011 −0.020 −0.104 *** 0.169 *** −0.022 −0.069 *** 0.156 *** 0.059 *** 1.000

Note: N = 3093. *** p < 0.01 and * p < 0.1.
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4.2. Benchmark Regression Results
4.2.1. Main Effect Test

Table 4 reports the hierarchical regression results examining the main effect of hub
firms’ forward-looking information disclosure (CL_Disc) on node firms’ R&D intensity
(RD_per_TA).

To reduce omitted-variable bias, we adopt a stepwise inclusion strategy. Column
(1) includes only CL_Disc, and Columns (2)–(4) sequentially add firm-level controls, year
fixed effects, and industry fixed effects. The coefficient on CL_Disc remains positive and
statistically significant across all specifications. In the fully specified model in Column (4),
the coefficient is 0.0016 (p < 0.01), supporting Hypothesis 1.

The effect is also economically meaningful. A one-standard-deviation increase
in CL_Disc (0.9235) corresponds to an absolute increase of 0.00148 in RD_per_TA
(0.0016 × 0.9235). Relative to the sample mean of 0.0337, this implies a 4.39% marginal
increase in node-firm R&D intensity.

Table 4. Main effect regression results.

Variables (1) Univariate (2) + Controls (3) + Year FE (4) + Industry FE

Hub Firm Disclosure
(CL_Disc) 0.0042 *** 0.0031 *** 0.0017 *** 0.0016 ***

(9.1399) (7.0707) (3.5733) (3.4523)

Control Variables & Fixed Effects
Firm-level Controls No Yes Yes Yes
Year FE No No Yes Yes
Industry FE No No No Yes

Diagnostics
Observations (N) 3093 3093 3093 3093
R-squared 0.0210 0.1799 0.1976 0.3376

Note: Robust t-statistics (HC1-corrected) appear in parentheses. *** p < 0.01.

4.2.2. Moderating Effect Test

To test whether node firms’ information absorptive capacity—operationalized as the
annual intangible asset ratio (Intang_AC)—moderates the innovation spillover effect, we
use two approaches: subgroup analysis and full-sample dummy-interaction estimation.

First, we partition the dataset at the annual median of Intang_AC and estimate separate
regressions for high- and low-Intang_AC subsamples. Second, we estimate a full-sample
model with a dummy interaction term (CL_Disc_c × High_Intang_AC). High_Intang_AC
equals 1 if the node firm’s intangible asset ratio exceeds the annual median and 0 otherwise.
Table 5 reports the results.

Table 5. Moderation effect regression results.

Variables (1) High Intang_AC (2) Low Intang_AC (3) Full Sample Interaction

CL_Disc_c 0.0013 * 0.0026 *** 0.0027 ***
(1.73) (3.68) (3.75)

High_Intang_AC 0.0006
(0.48)

CL_Disc_c × High_Intang_AC −0.0019 *
(−1.74)

Controls Yes Yes Yes
Year FE Yes Yes Yes
Industry FE Yes Yes Yes
Observations 1552 1541 3093
R-squared 0.3418 0.2332 0.2397

Note: Robust t-statistics (HC1-corrected) appear in parentheses. *** p < 0.01 and * p < 0.1.
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Before estimation, the continuous explanatory variable used in the interaction term is
mean-centered to reduce structural multicollinearity.

The results show meaningful heterogeneity across Intang_AC levels. The coeffi-
cient on CL_Disc_c is 0.0026 in the low-Intang_AC subgroup (p < 0.01) and 0.0013 in
the high-Intang_AC subgroup (p < 0.1). The full-sample interaction term (CL_Disc_c ×
High_Intang_AC) is negative (−0.0019, p < 0.1), supporting Hypothesis 2.

This pattern is consistent with the information-substitution mechanism [45]. The
marginal value of an external strategic signal depends on the receiver’s internal knowledge
endowment [42,47,49].

Node firms with low Intang_AC—indicative of constrained internal R&D capabilities
and limited access to private information—face heightened uncertainty in their innovation
decisions. Consequently, public forward-looking disclosures by the hub firm serve as
high-value navigational cues, eliciting stronger R&D responses [12,47].

By contrast, node firms with high Intang_AC possess more developed internal research
infrastructure and proprietary information channels, which partially substitute for external
signals—diluting the marginal impact of the hub firm’s forward-looking disclosure on their
innovation investment [45].

4.3. Endogeneity and Robustness Tests

To address potential endogeneity concerns, we implement two complementary strate-
gies. First, propensity score matching (PSM) mitigates sample-selection bias. After match-
ing, the standardized mean differences for all covariates fall below 10%, and the core
coefficient remains positive and significant at the 1% level (Column 1 of Table 6). Second,
we estimate a lagged-variable specification to reduce reverse-causality concerns. The lagged
coefficient is 0.0012 and significant at the 5% level (Column 2), indicating that hub-firm
disclosure precedes subsequent node-firm innovation investment.

In addition, we conduct four robustness checks to assess the reliability of our base-
line findings.

First, we apply winsorization at the 5% level—capping all continuous variables at
their 5th and 95th percentiles—to mitigate the influence of extreme outliers (see Column 3);
the core coefficient remains statistically significant at the 1% level.

Second, we exclude the 2020 observations to address potential confounding from the
COVID-19 pandemic, which disrupted both macroeconomic conditions and supply-chain-
level micro-decisions (see Column 4); the main result is preserved.

Third, to account for cross-provincial heterogeneity in institutional development and
marketization depth, we augment the baseline two-way fixed-effects model with provincial
fixed effects (see Column 5), thereby absorbing time-invariant regional institutional frictions;
the core coefficient retains its 1% significance.

Fourth, we re-estimate the model using alternative centrality measures—degree and
betweenness—in place of the personalized PageRank algorithm to identify the hub firm
node. Across both specifications, the sign and statistical significance of the key coefficient
remain unchanged.

All robustness models maintain an adjusted R2 above 0.33, providing further support
for the robustness of our benchmark estimates.
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Table 6. Robustness test results.

Variables (1) PSM (2) Lagging (3) Winsor 5% (4) Excl. 2020 (5) Province FE

CL_Disc_c 0.0013 *** 0.0014 *** 0.0015 *** 0.0014 ***
(3.0119) (3.6853) (3.1226) (3.0090)

L.CL_Disc_c 0.0012 **
(2.1499)

Controls Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Province FE No No No No Yes
Observations 3072 2236 3093 2763 3093
R-squared 0.3420 0.3527 0.3668 0.3338 0.3793

Note: Heteroskedasticity-robust t-statistics corrected by HC1 appear in parentheses. *** p < 0.01 and ** p < 0.05.

5. Further Analysis
5.1. Heterogeneity Analysis

The baseline analysis identifies the average spillover effect. We next examine whether
this effect varies across theoretically relevant contexts. Guided by the signal-transmission
mechanism, we analyze three dimensions: node-firm scale, relative network position,
and supply chain relationship specificity. These tests are positioned as heterogeneity
analyses that clarify the boundary conditions of the main spillover effect.

5.1.1. Node Firm Scale

Signal responsiveness depends not only on willingness to decode external information
but also on material resources [12,53–55]. Medium- and large-sized firms usually have
stronger financial buffers, R&D infrastructure, and strategic flexibility. These resources
help them convert hub-firm signals into concrete R&D investment. Small firms, by contrast,
often face tighter liquidity and lower tolerance for experimental failure.

We classify sample firms into small, medium, and large groups based on the tertiles of
total assets (Table 7). The coefficient on CL_Disc_c is positive across all three groups, but it
is stronger for medium- and large-sized firms. This result links firm size to the resource
capacity required for signal transformation.

Table 7. Heterogeneity analysis by firm size.

Variables (1) Small (2) Medium (3) Large

CL_Disc_c 0.0015 * 0.0021 ** 0.0019 **
(1.7241) (2.4704) (2.5327)

Controls Yes Yes Yes
Industry FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 1032 1030 1031
R-squared 0.3551 0.4157 0.3457
Note: Robust t-statistics (HC1-corrected for heteroskedasticity) are reported in parentheses. ** p < 0.05
and * p < 0.1.

5.1.2. Relative Network Position of Supply-Chain Node Firms

To examine the role of core–edge positioning, we apply personalized PageRank (PPR).
The matched hub firm is set as the restart node, so PPR captures a node firm’s proximity-
weighted embeddedness with respect to that hub firm. This measure isolates dyadic
relational embeddedness from broader network size or density effects.
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We divide the sample into core-position and edge-position groups using the annual
median of relative network centrality (Table 8). The coefficient on CL_Disc_c is 0.0023
and significant at the 1% level in the core-position group, but it is 0.0008 and insignificant
in the edge-position group. Core-position firms therefore experience stronger innova-
tion spillovers.

This asymmetry reflects relational binding and signal credibility. Core-position firms
are more operationally interdependent with hub firms and have stronger incentives to mon-
itor their strategic disclosures. Repeated cooperation also builds trust and tacit knowledge,
making hub-firm signals more credible and easier to translate into R&D decisions.

Table 8. Heterogeneity analysis by relative network position.

Variables (1) Core Position (2) Peripheral Position

CL_Disc_c 0.0023 *** 0.0008
(3.1317) (1.3447)

Controls Yes Yes
Industry FE Yes Yes
Year FE Yes Yes
Observations 1498 1595
R-squared 0.3422 0.3584
Note: Robust t-statistics (HC1-corrected for heteroskedasticity) are reported in parentheses. *** p < 0.01.

5.1.3. Supply Chain Relationship Specificity

To examine how the depth of interfirm cooperation moderates the efficiency of strategic
signal transmission, we investigate heterogeneity driven by the specificity of supply chain
relationships. In network governance theory, sales concentration—measured as the share
of operating income derived from the top five customers—is commonly used as a proxy
for asset specificity and relational embeddedness [56]. We compute this ratio for each
node firm and dichotomize the sample into “high-specificity” and “low-specificity” groups
based on the annual median (see Table 9). To examine differential effects more formally,
we further estimate a full-sample model that incorporates an interaction term between the
core explanatory variable and a binary indicator of high specificity.

Table 9. Heterogeneity analysis by supply chain relationship specificity.

Variables (1) High Rel. Spec. (2) Low Rel. Spec. (3) Full Sample Interaction

CL_Disc_c 0.0041 *** 0.0009 0.0002
(4.66) (1.56) (0.30)

High_Rel_Spec 0.0013
(1.07)

CL_Disc_c × High_Rel_Spec 0.0032 ***
(2.93)

Controls Yes Yes Yes
Year FE Yes Yes Yes
Industry FE Yes Yes Yes
Observations 1549 1544 3093
R-squared 0.3380 0.2300 0.2410

Note: Robust t-statistics (HC1-corrected for heteroskedasticity) are reported in parentheses. *** p < 0.01.

Table 9 shows a clear asymmetry. The coefficient on CL_Disc_c is 0.0041 and significant
at the 1% level in the high-specificity group, but it is 0.0009 and insignificant in the low-
specificity group. The full-sample interaction term is also positive and significant (0.0032,
p < 0.01), indicating that relationship specificity strengthens the spillover effect.
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This pattern reflects interest alignment and relational capital. Node firms with high
customer concentration are more dependent on the hub firm and therefore have stronger
incentives to respond to its strategic signals. Concentrated and repeated transactions also
build trust, making forward-looking disclosures more credible and actionable. In contrast,
firms with dispersed customer bases have weaker incentives to coordinate R&D around
any single hub firm’s roadmap.

5.2. Economic Consequences: Innovation Spillovers, Profit Conversion, and the Moderating Role of
Financial Leverage

Having established that hub firms’ forward-looking information disclosure is posi-
tively associated with node firms’ innovation investment, we now ask: Does this micro-
level innovation input translate into tangible financial returns? To assess the economic
consequences, we replace the baseline dependent variable with return on assets (ROA).

Column 1 of Table 10 shows that the coefficient on the core explanatory variable is
0.1810 and statistically significant at the 10% level, suggesting that hub firms’ forward-
looking disclosure is positively associated with node firms’ financial performance.

We further examine whether capital structure moderates this conversion process.
The sample is split at the annual median of the asset–liability ratio (Lev). Columns (2)
and (3) show that the coefficient is 0.6007 (p < 0.01) for high-leverage firms and −0.1073
(p < 0.1) for low-leverage firms. This asymmetry suggests that leverage shapes the profit-
conversion effect of innovation spillovers.

We interpret this result through two mechanisms. First, debt creates disciplining
pressure by increasing repayment obligations and creditor monitoring. This pressure can
reduce managerial slack and improve innovation execution. Second, hub-firm disclosure
may operate as an interorganizational credibility signal for high-leverage node firms. It
helps lenders evaluate future order visibility and revenue sustainability, thereby easing
financing constraints. Low-leverage firms lack both the disciplining constraint and this
credit-spillover benefit, which may increase the risk of inefficient innovation spending [38].

Table 10. Economic consequences and leverage moderation.

Variables (1) Full Sample (2) High Leverage (3) Low Leverage

CL_Disc_c 0.1810 * 0.6007 *** −0.1073 *
(1.9464) (3.2329) (−1.7283)

Controls Yes Yes Yes
Industry FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 3093 1554 1539
R-squared 0.2697 0.2933 0.3747
Chow Test p-value 0.0104

Note: Robust t-statistics (HC1-corrected) appear in parentheses. *** p < 0.01 and * p < 0.1.

6. Discussion, Conclusions, and Implications
6.1. Discussion

Amid escalating external shocks and systemic risks confronting global supply chains,
enhancing cross-organizational collaborative innovation has become central to sustaining
supply chain resilience [3,4]. Yet, persistent information asymmetry within supply chain
networks severely constrains node firms’ ability to respond strategically and allocate
innovation resources efficiently [29]. To address this challenge, we empirically investigate
how forward-looking information disclosure by hub firms functions as a credible strategic
signal, bridging organizational boundaries and catalyzing coordinated innovation.
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First, we find that hub firms’ forward-looking disclosures significantly increase node
firms’ R&D investment intensity. This result corroborates Fan et al. (2025) [9], who doc-
ument that “chain-leading firm” innovation drives upstream–downstream coordination,
thereby affirming the strong positive externalities of core-firm strategic signals. Critically,
while prior work on supply chain information coordination (e.g., Kulp et al., 2004 [16];
Li & Lin, 2006 [10]) has predominantly emphasized the sharing of traceable, operational
“hard information” (e.g., inventory levels and order forecasts), our finding extends this liter-
ature. Specifically, we demonstrate that unstructured, forward-looking “soft information”—
long studied in capital markets (Muslu et al., 2015 [29])—also serves as a powerful instru-
ment of “information navigation” within real-economy supply chain networks, effectively
reducing uncertainty surrounding technological trajectories for node firms.

Second, regarding moderating mechanisms, we identify a statistically significant neg-
ative moderating effect of node firms’ absorptive capacity on this innovation spillover.
This pattern appears counterintuitive against the classical absorptive capacity framework
(Cohen & Levinthal, 1990 [42]; Zahra & George, 2002 [49]), which posits that internal
knowledge and external information are complementary. The resolution lies in the strategic
context of supply chain governance: firms endowed with mature information-processing
infrastructure and rich domain-specific knowledge possess high-quality private informa-
tion channels, rendering externally disclosed “public signals” partially redundant. As such,
their internal knowledge exerts an “information substitution effect” rather than a comple-
mentarity effect [45]. This aligns with Flor et al. (2018) [47], who find diminishing marginal
returns to external knowledge search, suggesting that firms at an information disadvantage
(i.e., those with lower absorptive capacity) exhibit greater sensitivity to, and reliance upon,
public strategic signals from hub firms.

Third, heterogeneity analysis reveals that both larger firm size and higher supply
chain relationship specificity strengthen the innovation spillover effect. This finding not
only corroborates Dyer and Hatch’s (2006) [11] foundational argument that relationship-
specific investments lower knowledge transfer barriers, but also supports Pellegrino and
Savona’s (2017) [12] insight: small and micro enterprises, constrained by tight financial and
cognitive resources, often fail to cross the critical resource threshold required to convert
even high-quality strategic signals into substantive innovation investments.

Finally, our economic consequence assessment suggests that the conversion of innova-
tion spillovers into financial performance (measured by ROA) is stronger among node firms
with higher financial leverage. While the prior corporate finance literature (e.g., Atanassov,
2016 [38]) emphasizes debt’s potential to crowd out innovation via financial constraints,
our supply-chain context yields a contrasting result. Here, high leverage operates through
two reinforcing channels: first, it imposes disciplining governance constraints that mitigate
agency frictions; second—and more critically—it enables relational financing. The credible
forward-looking disclosures of hub firms serve as interorganizational “soft information”
that alleviates lenders’ information asymmetry, thereby relaxing credit rationing for finan-
cially constrained node firms. This mechanism directly aligns with the relational lending
framework of Petersen and Rajan (1994) [41] and Berger and Udell (2006) [40], which
identifies soft information as a key instrument for mitigating credit market failures.

In summary, this study unpacks the “black box” of cross-organizational strategic
signal transmission in supply chain networks by integrating signaling theory with ab-
sorptive capacity theory. It extends the theoretical frontiers of supply chain innovation
research by establishing “soft information” disclosure as a potent coordination mecha-
nism beyond traditional hard-data sharing. It also refines the classical absorptive capacity
framework, demonstrating that its complementarity assumption holds primarily under
information-scarce conditions, whereas substitution may dominate when internal knowl-
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edge infrastructure is mature. Finally, it provides actionable micro-empirical evidence
for policymakers seeking to harness hub firms as institutional anchors to build resilient,
inclusive, and innovation-driven supply chain ecosystems.

6.2. Research Conclusions

Using a sample of China’s A-share manufacturing listed firms from 2014 to 2024, this
study integrates complex network analysis with large-scale text mining to empirically
examine (i) the innovation spillover effect of hub firms’ forward-looking information
disclosure on node firms; (ii) the moderating role of node firms’ absorptive capacity;
and (iii) associated heterogeneity and economic consequences. Our findings yield four
principal conclusions:

First, forward-looking disclosure by hub firms is positively associated with R&D
investment among node firms, providing evidence of cross-organizational innovation
spillovers. This effect operates through two complementary channels: “information navi-
gation” and “financing constraint alleviation.” Specifically, hub firms’ strategic roadmaps
reduce technological uncertainty for node firms by clarifying R&D directionality; simulta-
neously, such disclosures improve node firms’ external financing conditions by enhancing
lender confidence and easing credit constraints during innovation implementation.

Second, node firms’ absorptive capacity exerts a statistically significant negative
moderating effect on the spillover, revealing an “information substitution effect.” Firms
with limited internal knowledge stocks rely heavily on hub firms’ public signals to orient
themselves strategically (via “information navigation”). In contrast, firms endowed with
mature R&D systems and deep domain expertise possess high-quality private information
channels that partially substitute for—and thereby attenuate the marginal impact of—
external public signals.

Third, heterogeneity analysis shows that firm-level and network-level attributes
jointly shape this spillover effect. At the firm level, medium- and large-sized enterprises—
leveraging greater resource endowments—exhibit stronger innovation responsiveness.
At the network level, firms occupying core positions in the supply chain topology and
exhibiting high relationship specificity (e.g., concentrated sales to the hub firm) demon-
strate tighter technical alignment and higher coordination efficiency, yielding significantly
stronger marginal spillovers in response to hub firms’ strategic signals.

Fourth, our economic consequence assessment reveals that forward-looking disclosure
by hub firms not only stimulates innovation input but also meaningfully enhances micro-
level financial performance (measured by ROA). Crucially, this profit-conversion process
is moderated by capital structure: among high-leverage firms, debt’s disciplining effect
synergizes with the hub firm’s “credibility signal,” amplifying the innovation-to-profit
pathway; conversely, low-leverage firms—lacking both governance discipline and credi-
bility spillovers—exhibit overinvestment tendencies, generating a short-term profitability
drag. Collectively, these results affirm that high-quality disclosure by hub firms functions
as an interorganizational “credit certification,” directly improving the operational quality
and allocative efficiency of financially constrained node firms.

6.3. Implications

This study provides micro-empirical evidence to inform the design of policies that
foster an inclusive, resilient, and innovation-driven industrial ecosystem under China’s
“new development paradigm.” Drawing on our findings, we propose four targeted pol-
icy recommendations:

First, institutionalize the strategic information stewardship role of hub firms. Regula-
tory authorities should integrate the quality and credibility of forward-looking strategic
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disclosures—such as technology roadmaps and R&D investment plans—into the official
information disclosure evaluation system and core credit rating frameworks for listed firms.
This institutional design incentivizes hub firms to shift from value extraction (“maximiz-
ing isolated firm interests”) toward value co-creation (“sustaining supply chain network
resilience”). Complementing regulation, policymakers may introduce a “High-Quality
Disclosure Recognition Program”—a transparent, criteria-based allowlist—to publicly ac-
knowledge and reward hub firms that proactively issue clear, actionable strategic signals.
Such recognition reduces early-stage R&D uncertainty for supply-chain firms and elevates
the efficiency of system-wide collaborative innovation.

Second, bridge the “cognitive gap” at the network periphery through public digital
infrastructure. Empirical results show that edge-position firms—constrained by limited
technical coordination capacity and weak absorptive infrastructure—face steep barriers in
interpreting and acting upon hub firm signals. To address this, governments and industry
associations should jointly develop a national Supply Chain Intelligence Platform. This
platform would (i) algorithmically transform unstructured hub firm disclosures into stan-
dardized, sector-specific technology trend dashboards—lowering information decoding
costs for downstream firms; and (ii) deliver targeted knowledge-transfer services (e.g.,
technical standard alignment, modular R&D toolkits) to SMEs and micro-firms with un-
derdeveloped internal R&D systems—leveraging public signals to compensate for private
knowledge deficits and strengthen inclusive network participation.

Third, implement tiered, context-sensitive support policies aligned with firm hetero-
geneity. Our analysis confirms that small and micro enterprises—constrained by scarce
material resources and shallow relational ties—struggle to convert hub firm signals into
scalable innovation independently. Furthermore, arm’s-length market transactions further
dilute signal fidelity. Accordingly, policymakers should establish a dedicated “Supply
Chain Collaborative Innovation Matching Fund” to subsidize early-stage R&D experi-
mentation for SMEs embedded in micro-chains. Crucially, incentives must also target
relationship deepening: tax credits or preferential procurement terms should encourage
long-term, symbiotic upstream–downstream contracts—thereby reinforcing the relational
capital and trust essential for reliable strategic signal transmission and execution.

Fourth, advance supply chain finance governance to accelerate the conversion of
innovation into profit. Given the pivotal moderating role of financial leverage and credit
constraints, financial institutions must move beyond firm-level risk assessment to adopt
network-aware financing models. Specifically: (i) deploy digital infrastructure to enable
cross-organizational credit spillover—extending the hub firm’s high creditworthiness to
trusted node firms via verifiable transaction data and shared disclosure records; and (ii) re-
fine credit-scoring algorithms by explicitly incorporating a firm’s “coordinated response
propensity”—that is, its historical alignment with hub-firm strategic signals—as a potential
proxy for future innovation execution capability. By treating credible interfirm coordina-
tion as a quantifiable credit asset, this approach supplements traditional collateral with
“information-based credit,” directly alleviating capital bottlenecks during the critical R&D
commercialization phase and strengthening the link between innovation investment and
micro-level profitability.

6.4. Limitations and Future Research Directions

While this study provides a systematic theoretical and empirical examination of cross-
organizational innovation spillovers in supply chain networks, several limitations—rooted
in data constraints and methodological scope—warrant acknowledgment and suggest
productive avenues for future work:
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First, our analysis focuses on the vertical, dyadic spillover pathway (“hub firm →
supply-chain node firm”), abstracting from the spatially embedded nature of real-world
supply chains. Empirically, manufacturing supply chains exhibit pronounced regional clus-
tering (e.g., industrial clusters in the Yangtze River Delta or Pearl River Delta), where geo-
graphic proximity enables tacit knowledge transfer, joint use of infrastructure, and localized
learning externalities. Future research should integrate spatial econometric techniques—
such as the Spatial Durbin Model—or network-based spatial autoregressive models to
disentangle the relative contributions of vertical chain governance versus horizontal spatial
spillovers within regional industrial ecosystems.

Second, although we employ several endogeneity mitigation strategies, including
propensity score matching, lagged explanatory variables, and multi-dimensional fixed
effects such as year, industry, and province fixed effects, unobserved heterogeneity linked
to hub firm characteristics may still confound causal identification. To strengthen inference,
future studies could exploit quasi-natural experiments—for instance, exogenous regulatory
shocks to hub firm disclosure requirements (e.g., pilot mandatory ESG reporting man-
dates) or policy-induced supply chain reconfigurations (e.g., “dual circulation” localization
incentives)—to isolate plausibly causal effects.

Third, our measurement of forward-looking disclosure relies primarily on lexical
frequency-based indicators (e.g., counts of future-oriented verbs and strategic nouns).
While robust and replicable, this approach captures the presence of the signal but not its qual-
ity. Advancing beyond surface-level quantification, future work can leverage fine-tuned
large language models (LLMs) to assess textual dimensions such as semantic coherence,
strategic specificity (e.g., granularity of technology targets), and sentiment valence—thereby
enabling more nuanced, context-aware measurement of how signal credibility and action-
ability shape innovation responses by supply-chain node firms.
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