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Abstract

In the rapid diffusion of artificial intelligence (AI), firms increasingly rely on Al to re-
shape user interactions, yet how such interactions translate into sustained innovation
remains unclear. Adopting a user—producer interaction perspective, this study examines
how Al-Driven User-Producer Interaction (ADUPI) affects User—Producer Interconnected
Innovation (UPII), focusing on the mediating roles of User-Producer Knowledge Exchange
(UPKE) and User—-Producer Knowledge Integration (UPKI), as well as the moderating
effect of Al Readiness (AIR). Using survey data from 974 firms and applying regression,
mediation, moderation, and bootstrap analyses, the findings show that ADUPI significantly
enhances UPIL. Moreover, UPKE and UPKI jointly mediate this relationship, forming a
dual mediation mechanism in which knowledge integration exerts a stronger effect than
knowledge exchange. In addition, AIR positively moderates the effects of ADUPI on both
UPKE and UPKI, amplifying innovation outcomes under higher Al readiness. This study
advances Al and innovation research by shifting the focus from internal firm capabilities to
cross-actor interaction, clarifying differentiated knowledge mechanisms, and highlighting
Al readiness as a key condition for value realization. The results also provide actionable
insights for firms seeking to convert Al-driven interaction into interconnected innovation
through improved Al readiness and knowledge management.

Keywords: Al-driven user—producer interaction; interconnected innovation; knowledge
exchange; knowledge integration; Al readiness

1. Introduction

W) Check for updates

In the current era marked by the rapid global diffusion of artificial intelligence (AI)
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users. For example, platform-based firms employ intelligent recommendation systems
to precisely match user needs; manufacturing firms utilize Al-driven customer service
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these Al-enabled practices raise a critical yet underexplored question: Do Al-driven user—
producer interactions necessarily translate into sustained open innovation outcomes, and
if so, through what underlying mechanisms? Despite firms’ increasing investments in Al
technologies, substantial heterogeneity persists in their open innovation performance. This
empirical phenomenon provides an important practical context and a compelling research
opportunity for the present study.

Building on the above practical observations, existing studies have primarily exam-
ined the impact of Al on firm innovation and financial performance from the perspectives
of technology adoption or internal organizational capabilities. However, relatively limited
attention has been paid to the mechanisms through which Al reshapes user—producer inter-
actions and subsequently drives interconnected innovation characterized by distributed
multi-actor participation. From a knowledge management perspective, interactions be-
tween Producers and users inherently involve the bidirectional flow, integration, and
re-creation of knowledge, and innovation outcomes depend on whether knowledge can
evolve from simple exchange into deep integration. Nevertheless, prior research often
treats knowledge exchange and knowledge integration as interchangeable processes, with
insufficient differentiation of their distinct functions in the innovation process. Moreover,
from an Al capability perspective, Al technologies do not automatically generate value;
rather, their value creation effects critically depend on firms’ preparedness in terms of
technological infrastructure, organizational support, and strategic alignment—namely, Al
Readiness. Differences in Al readiness across firms may therefore represent a key factor
in explaining why Al-driven interactions lead to substantial heterogeneity in innovation
outcomes. Accordingly, how to systematically explain the influence of Al-driven user—
producer interaction on interconnected innovation by integrating knowledge management
mechanisms with the contextual role of Al readiness constitutes an important theoretical
gap that this study seeks to address.

In light of the above, this study develops a systematic theoretical framework and
conducts an empirical investigation into the relationship between Al-Driven User—Producer
Interaction (ADUPI) and User-Producer Interconnected Innovation (UPII). Specifically, this
study first defines the core concepts and proposes research hypotheses from a theoretical
perspective. It then collects firm-level data through a questionnaire survey and empirically
tests the proposed hypotheses using regression analysis, mediation analysis, moderation
analysis, and bootstrap procedures. Subsequently, this study examines the mediating
roles of User—Producer Knowledge Exchange (UPKE) and User-Producer Knowledge
Integration (UPKI) in the relationship between ADUPI and UPII, as well as the moderating
effect of Al Readiness (AIR). Finally, the research findings are comprehensively discussed,
and corresponding theoretical and managerial implications are derived.

To position our study within recent Al-enabled platform and ecosystem research
(2024-2025), prior work has primarily focused on how generative Al reshapes platform
architectures, value creation logics, and ecosystem-level orchestration and governance. In
contrast, our study theorizes and empirically tests a micro-level mechanism through which
ADUPI translates into UPII via two distinct knowledge pathways—UPKE and UPKI—and
further explains heterogeneity through AIR as a key boundary condition.

This study contributes important insights at both the theoretical and practical levels.
From a theoretical perspective, this study extends the analytical boundaries of Al and inno-
vation research by adopting a user—producer interaction perspective, elucidates the under-
lying mechanism of “user—producer interaction-knowledge mechanisms-interconnected
innovation,” and differentiates the distinct roles of knowledge exchange and knowledge
integration in the innovation process. Moreover, by incorporating Al Readiness, this study
addresses the critical issue of firm heterogeneity in the realization of Al value. In addi-
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tion, by introducing Al Readiness, the study addresses a key issue of firm heterogeneity
in realizing Al-enabled value. The findings also carry strong relevance for e-commerce
contexts—such as digital platforms, online marketplaces, and Al-enabled customer in-
teraction systems—by providing a theoretical basis for firms to optimize producer—user
interaction and enhance innovation performance in digital environments. From a practical
perspective, the findings provide targeted managerial implications for firms on how to
effectively transform Al-driven interactions into interconnected innovation performance
by enhancing Al readiness and optimizing knowledge management mechanisms, thereby
offering valuable guidance for firms in formulating Al-enabled user—producer interaction
and innovation strategies.

2. Hypotheses Development
2.1. AI-Driven User—Producer Interaction and Interconnected Innovation

Al-Driven User-Producer Interaction (ADUPI) refers to the highly efficient interaction
and communication between Producers and users enabled by Al technologies throughout
marketing and transaction processes [1]. This form of interaction is characterized by three
key features: real-time responsiveness, intelligent matching, and continuity. Real-time
responsiveness indicates that, under the support of Al technologies, Producers and users
are able to engage in high-frequency and real-time interactions during marketing and
transactional activities [2]. Intelligent matching refers to the ability of users, driven by
Al technologies, to conduct precise searches and obtain relevant information regarding
product or service attributes—such as functionality, price, quality, and after-sales service—
while Producers can leverage Al algorithms to analyze users’ demand preferences and
evolving trends and proactively deliver products or services that are well aligned with
these needs, thereby achieving dynamic and precise matching between supply and de-
mand [3,4]. Continuity denotes that, based on data generated through Al algorithms
and interactions between Producers and users, firms are able to continuously adjust and
optimize interaction mechanisms, leading to sustained, stable, and accurate dynamic in-
teractions between the two sides [5]. Existing studies find that Al algorithms enhance
interaction and coordination between Producers and users by optimizing service processes,
improving decision-making procedures, reallocating resources, and accelerating demand
responsiveness, thereby promoting sustainable improvements in supply chains [6,7]. For
example, Al-driven online customer service systems provide round-the-clock support
and shorten response times, which significantly improves interaction efficiency between
Producers and users [8]. Al-based predictive analytics technologies offer personalized
product recommendations based on user preferences and optimize service-related decisions
through advanced data analysis, further strengthening interaction quality and matching
effectiveness between Producers and users [9]. In the context of commercial aircraft spare
parts, the introduction of Al algorithms has reshaped supply—-demand response processes
within supply chains, effectively improving the speed and accuracy of demand fulfillment
for spare parts [10].

Interconnected innovation refers to a process in which distributed multi-actors embed-
ded in the Internet—including firms, heterogeneous knowledge entities, and consumers—
establish extensive connections through goal-oriented knowledge search, thereby enabling
knowledge transformation and the emergence of innovation under the support of next-
generation general purpose information technologies [11]. In this study, interconnected
innovation specifically refers to the interconnection between Producers and users (UPII),
that is, Producers and users engage in interaction and communication driven by Al tech-
nologies and collaboratively promote the continuous optimization and innovation of
products and services through knowledge sharing. User—producer UPII exhibits two key
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characteristics: knowledge transferability and user—-producer synergy. Knowledge trans-
ferability refers to the bidirectional flow of information—such as demand and feedback—
generated during interactions between Producers and users [12,13], enabling the com-
plementarity and sharing of innovation resources. User—producer synergy denotes that
Producers and users, as two distinct actors, collaboratively advance product or service
innovation through interaction, and such innovations are difficult for any single actor to
achieve independently [14]. Existing studies argue that UPII takes the interconnection
between Producers and users as its core mechanism and promotes knowledge flows among
actors by constructing multi-actor innovation networks, thereby significantly enhancing
the efficiency and flexibility of innovation activities [11]. Meanwhile, UPII reshapes firms’
innovation collaboration paradigms by further blurring the boundaries of innovation actors,
substantially increasing the accessibility of large-scale knowledge resources, and acceler-
ating the transfer of both explicit and tacit knowledge within innovation networks. As a
result, it breaks traditional path dependence in innovation and accelerates the continuous
optimization and innovation of products or services [15].

ADUPI facilitates the realization of UPII by enhancing information and knowledge
sharing, enabling precise demand alignment, and identifying innovation opportunities.
First, Al-driven intelligent customer service systems, data mining technologies, and real-
time analytics significantly reduce information asymmetry between Producers and users,
thereby improving the timeliness and accuracy of information transmission [16]. On this
basis, firms are able to gain precise insights into user needs and market trends, which in
turn promotes the generation of UPII outcomes [17]. Second, based on real-time feedback
from users, Al algorithms can identify user needs and usage scenarios, enabling firms
to continuously adjust product or service optimization strategies and achieve precise
alignment between supply and demand, thus driving the realization of UPII [18]. Finally,
by analyzing interaction data between Producers and users, Al algorithms empower
Producers to timely identify latent demands and market opportunities and to transform
dispersed demand information into usable innovation resources. This provides support
for the continuous iterative upgrading of products and services and further promotes
the realization of UPII [19,20]. In summary, this study argues that ADUPI can effectively
promote the realization of UPIL.

Accordingly, the following hypothesis is proposed:

H1. AI-Driven User—Producer Interaction has a significant positive effect on User—Producer
Interconnected Innovation.

2.2. The Mediating Role of Knowledge Exchange and Knowledge Integration
2.2.1. User-Producer Knowledge Exchange

Knowledge exchange refers to the bidirectional flow of knowledge between producers
and users, which typically occurs among actors who share common interests or seek to
enhance organizational well-being [21]. In this study, User-Producer Knowledge Exchange
(UPKE) is defined as the bidirectional process of knowledge flows between Producers
and users. Accordingly, UPKE is characterized by two key features: bidirectionality and
interactivity [22]. The bidirectionality of UPKE indicates that both Producers and users si-
multaneously act as knowledge producers and knowledge users, satisfying their respective
needs through two-way knowledge flows—whereby Producers can accurately capture user
demands and users are able to purchase products that meet their expectations [23]. The
interactivity of UPKE refers to the process through which Producers and users promote
effective knowledge flows via continuous communication and real-time feedback [24].
Existing studies show that UPKE can generate a virtuous learning cycle, progressing from
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successful learning to process improvement, followed by mutual inspiration and imitation,
and ultimately resulting in effective knowledge sharing [25]. Because critical product-
related knowledge often resides outside firms’ specific domains, firms increasingly rely
on interaction and collaboration with users; through UPKE, they are able to accurately
meet user needs in a cost-efficient and effective manner [26]. Moreover, by engaging in
UPKE with users, Producers can better understand and leverage key user information to
optimize managerial decision-making, thereby enhancing overall financial and market
performance [27].

Existing research indicates that ADUPI provides critical support for bidirectional
knowledge exchange between Producers and users through real-time data analytics and in-
telligent feedback mechanisms. On the one hand, Al algorithms continuously monitor and
dynamically analyze user behaviors, product usage scenarios, and changes in preferences,
transforming users” knowledge from fragmented and lagged information into dynamic
and interpretable user data assets [28]. Through feedback mechanisms, such knowledge is
rapidly transmitted to Producers, thereby enhancing their ability to perceive and respond to
market changes [29,30]. On the other hand, Producers rely on Al algorithms to simulate and
optimize product design, functional improvements, and new technological solutions [31],
and convey relevant information to users in more intuitive and personalized forms. This
process helps enhance users” understanding of technological feasibility and innovation
directions [32]. In this context, Producers and users are no longer confined to one-way
knowledge transfer; instead, they achieve bidirectional knowledge flows and co-evolution
through continuous interaction [22]. Furthermore, this Al-enabled bidirectional knowledge
exchange process mitigates information asymmetry inherent in traditional supply-demand
relationships [33] and facilitates the deep coupling of user demand knowledge with product
technological knowledge, transforming users into important participants and contributors
in the product innovation process [24,34]. As a result, innovation activities shift from a
firm-centered, closed model to a data-driven UPII mode.

Accordingly, the following hypothesis is proposed:

H2a. Knowledge exchange mediates the relationship between Al-Driven User—Producer Interaction
and User—Producer Interconnected Innovation.

2.2.2. User-Producer Knowledge Integration

Knowledge integration refers to the process and outcome of organizing, linking,
combining, and reconstructing knowledge derived from different sources, disciplines, or
experiential domains to form a more systematic, meaningful, and applicable body of new
knowledge [35]. In this study, User-Producer Knowledge Integration (UPKI) is defined as
the process through which Producers and users exchange and share knowledge through
interaction and achieve knowledge fusion and reconstruction [36]. UPKI is character-
ized by two key features: synergy and dynamism [29,37]. Synergy refers to the process
whereby Producers and users effectively transmit their respective knowledge and experi-
ences through interaction, thereby enhancing the sharing, integration, and reconstruction
of knowledge between the two sides [29]. Dynamism indicates that, as a continuously
evolving process, UPKI requires sustained inter-actor interaction to deepen the under-
standing and linkage of specific knowledge, thereby ensuring the continuity of knowledge
integration [38]. Firms not only need to possess abundant internal knowledge resources
but also continuously acquire external knowledge and effectively integrate it with internal
knowledge to optimize their knowledge structures and promote knowledge recombination
and innovation emergence [39,40]. Existing studies show that knowledge integration plays
an increasingly important role in firms’ innovation activities [41,42]. Particularly in new
product development processes, the integration of internal and external knowledge helps
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shorten development cycles and enhance market adaptability, and is therefore regarded as
a critical strategy and capability for achieving superior innovation performance [43].
Existing research indicates that ADUPI significantly enhances the efficiency of infor-
mation sharing and the depth of knowledge integration between Producers and users
through the systematic collection, analysis, and intelligent matching of product information
and demand data [3,29]. On the one hand, Al technologies enable precise identification
and dynamic prediction of user needs, allowing latent demands to be articulated and
structured, thereby providing Producers with more forward-looking and targeted decision
support [44]. On the other hand, by leveraging Al to conduct in-depth analysis and visual
representation of product performance, usage scenarios, and technical parameters, Pro-
ducers can reduce information asymmetry and enhance users’ understanding of products
and technologies [16,32]. Through this bidirectional flow of knowledge, Producers and
users gradually achieve the absorption, recombination, and re-creation of each other’s
knowledge elements, thereby promoting UPKI [40]. Furthermore, this Al-driven knowl-
edge integration mechanism breaks the constraints of firm boundaries and traditional role
divisions between Producers and users [45], enabling users to participate earlier and more
deeply in the product innovation process, while allowing Producers to continuously learn
from market feedback and iteratively upgrade their knowledge bases [46]. As a result,
innovation activities gradually shift from a producer-dominated linear model to a UPII
mode characterized by collaborative interaction between Producers and users.
Accordingly, the following hypothesis is proposed:

H2b. Knowledge integration mediates the relationship between Al-Driven User—Producer Interac-
tion and User—Producer Interconnected Innovation.

This study differentiates the distinct roles and operating conditions of UPKE and
UPKI in interaction-driven innovation. UPKE emphasizes the sharing and transfer
of knowledge between Producers and users and represents a necessary condition for
knowledge to take effect within Al-driven user—producer interaction. By contrast, UPKI
builds on knowledge exchange and involves the recombination, integration, and deeper
utilization of knowledge derived from multiple actors, reflecting a more advanced
knowledge-processing mechanism.

2.3. The Moderating Role of Al Readiness

Al Readiness (AIR) refers to a firm’s comprehensive capability to successfully deploy
artificial intelligence technologies and transform them into actual business value. Al-
sheibani et al. (2018) describe Al readiness as “the state of an organization’s preparedness
to implement changes involving Al applications and technologies [47].” This concept is
commonly regarded as a foundational condition enabling organizations to implement Al
applications effectively and achieve the expected performance outcomes [48]. It is charac-
terized by three core features: multidimensionality, dynamism, and value orientation [49].
Multidimensionality emphasizes that AIR is not a single technological capability, but rather
reflects a firm’s overall level of preparedness across multiple interrelated dimensions,
including technological infrastructure, business processes, organizational structure and
boundaries, and strategic objectives, highlighting the alignment between technological ca-
pabilities and organizational contexts [47]. Dynamism indicates that AIR not only concerns
a firm’s current level of Al application but also captures its potential for continuous learn-
ing, capability renewal, and future Al deployment planning, thereby reflecting the firm'’s
adaptability and evolutionary capacity in uncertain environments [50]. Value orientation
suggests that the fundamental purpose of assessing AIR lies not in the technology itself,
but in leveraging effective Al deployment and application to generate sustainable business
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performance and innovation value, ultimately transforming technological capabilities into
tangible competitive advantages [48].

ADUPI is typically accompanied by the continuous generation and rapid circulation
of large volumes of heterogeneous knowledge [17], which poses substantial challenges
to firms’ capabilities in data collection, analysis, and interpretation. Firms with higher
levels of AIR generally possess more advanced technological infrastructures, stronger data-
processing capabilities, and organizational support mechanisms that are well aligned with
business processes [48]. Such firms are better able to utilize Al tools to conduct real-time
analysis and filtering of information and data generated during user—producer interactions,
thereby reducing data noise and latency [28] and enhancing the efficiency and accuracy
of knowledge exchange between Producers and users. Under these conditions, ADUPI is
more likely to be translated into high-quality UPKE [22]. In contrast, when firms exhibit
low levels of AIR, even frequent interactions between Producers and users may fail to
fully unlock the value embedded in interaction-generated information and data due to
insufficient technological capabilities or limited organizational support [44,47], thereby
weakening the positive effect of ADUPI on knowledge exchange.

Accordingly, the following hypothesis is proposed:

H3a. Al Readiness positively moderates the relationship between Al-Driven User—Producer
Interaction and User—Producer Knowledge Exchange.

Compared with User-Producer Knowledge Exchange (UPKE), User—Producer Knowl-
edge Integration (UPKI) imposes more complex requirements on firms’ capabilities, as
it involves not only the acquisition and transmission of knowledge but also the system-
atic analysis, reconstruction, and re-creation of knowledge from diverse sources [35]. In
Al-Driven User-Producer Interaction, a higher level of Al Readiness (AIR) enables firms
to leverage Al technologies to identify latent knowledge linkages arising from interac-
tions between Producers and users and to integrate and transform dispersed knowledge
through data modeling, pattern recognition, and related techniques [51]. Through these
mechanisms, firms are better able to convert interaction-generated knowledge resources
into new product solutions, service models, or innovation opportunities [40]. In contrast,
lower levels of AIR imply that firms lack the necessary Al technologies and organizational
foundations [47], making it difficult to effectively support complex knowledge integration
processes [52]. As a result, the role of ADUPI in promoting UPKI is substantially weakened.

Accordingly, the following hypothesis is proposed:

H3b. AI Readiness positively moderates the relationship between Al-Driven User—Producer
Interaction and User—Producer Knowledge Integration.

2.4. Research Model Development

Based on the foregoing literature review, this study develops an empirical research
model to elucidate the mechanisms through which Al-Driven User-Producer Interaction
(ADUPYI) influences User-Producer Interconnected Innovation (UPII) from the perspectives
of User-Producer Knowledge Exchange (UPKE) and User-Producer Knowledge Integration
(UPKI). In addition, this study further examines the moderating roles of Al Readiness (AIR)
in the relationships between ADUPI and UPKE as well as between ADUPI and UPKI,
respectively. The research model is presented in Figure 1.
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Hy,

Figure 1. The Proposed Research Model.

3. Research Design
3.1. Sample and Data Collection

This study collected sample data through a questionnaire survey, with existing mea-
surement items adapted to better align with the research objectives. To limit potential
measurement bias, the original scale structure and dimensions were retained, while only
the focal concepts and terminology were modified, as illustrated in Table 1. Because this
study examines how firms perceive and leverage Al-driven interaction mechanisms to pro-
mote interconnected innovation outcomes, the unit of analysis is the firm, and all variables
were measured from the firm’s perspective. In the scale design, producer—user interaction
is organized into three stages—pre-transaction, in-transaction, and post-transaction. No-
tably, these stages are conceptual phases used to theoretically capture how firms acquire,
integrate, and apply user-related knowledge across different interaction moments. In the
questionnaire, this staging enables respondents to evaluate items based on their perceptions
of firm practices, thereby enhancing construct clarity and operationalizability. A total of
1239 questionnaires were returned. To ensure data quality and consistency with the target
population, invalid responses were excluded based on two criteria: (1) questionnaires
showing clear signs of inattentive responding, such as selecting the same option through-
out or exhibiting illogical skip patterns; and (2) responses completed in less than 60 s,
given an average completion time of approximately 3-5 min. After screening, 974 valid
questionnaires were retained, yielding an effective response rate of 78.6%.

Table 1. Scale items design of the survey questionnaire.

Variables Code Item Reference
Al Based on Al technologies, our firm can establish effective communication with
users to accurately identify their needs and changes.
A2 Based on Al technologies, users can quickly access information on our firm’s new
products, technological updates, quality, and services.
A3 Based on Al algorithms, our firm can dynamically match and recommend suitable
products and services to meet users’ real-time needs. Spreitzenbarth
ADUF1 Ad Based on Al algorithms, users can obtain real-time information on our products, etal. (2024) [1]
prices, quality, and services, improving purchasing efficiency.
A5 Based on Al technologies, our firm can promptly collect post-transaction usage
data to continuously enhance after-sales services.
A6 Based on Al technologies, users can provide real-time post-transaction feedback
and suggestions to support continuous product iteration.
B1 Before transactions, our firm can effectively exchange product and demand
information with users.
UPKE B2 During transactions, our firm can maintain real-time interaction with users to Collins and Smith
exchange views on product-need fit. (2006) [53]
B3 After transactions, our firm can continuously capture user experiences and

satisfaction to support product and service updates.
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Table 1. Cont.

Variables Code Item Reference
c1 Before transactions, our firm can integrate user information to promote
continuous product and service innovation.
UPKI I During transactions, our firm can integrate diverse user needs and accurately Lyu et al.
recommend optimal products. (2022) [40]
3 After transactions, our firm can integrate user experiences and feedback to
advance product innovation and business improvement.
DI Based on existing Al technologies and algorithms, our firm can deliver improved
products and services to users.
Based on existing Al technologies and algorithms, our firm can efficiently conduct
D2 o . .
AR key activities such as product development and design. Holmstrom
D3 Based on existing Al technologies and algorithms, our firm can carry out (2022) [49]
innovation, design, after-sales, and marketing across organizational boundaries.
D4 Based on existing Al technologies and algorithms, our firm can efficiently achieve
current and future strategic and operational goals.
E1 Through real-time interaction with potential users, our firm can accurately
identify user needs and track market demand changes.
2 Through real-time interaction with potential users, our firm can identify
innovation opportunities and continuously improve offerings.
B3 Our firm can engage in real-time interaction with users on product functions and
UPIL ’ follow-up services to promote innovation. Anetal. (2023) [11]
F4 Based on users’ expressed needs, our firm can continuously update product
functions and adjust innovation plans.
E5 After transactions, real-time interaction on product quality and functionality
supports product and service improvement.
E6 After transactions, discussions with users help identify market trends and
emerging needs, enabling sustained innovation.
3.2. Variable Measurement
All variables were measured on a five-point Likert scale. Control variables comprised
firm age, number of employees, ownership type, revenue scale, industry, department,
managerial position, and tenure. Descriptive statistics are reported in Table 2.
Table 2. Descriptive statistics of the sample (N = 974).
Variables Category Frequency Percentage
Less than 3 years 45 4.6%
3-5 years 118 12.1%
Firm Age 6-10 years 228 23.4%
11-15 years 219 22.5%
More than 15 years 364 37.4%
Fewer than 100 224 23.0%
101-500 387 39.7%
Number of Employees 501-1000 195 20.0%
1001-5000 121 12.4%
More than 5000 47 4.8%
State-owned 224 23.0%
Privately owned 687 70.5%
Ownership Type Foreign-owned 31 3.2%
Joint venture 23 2.4%
Others 9 0.9%
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Table 2. Cont.

Variables Category Frequency Percentage
Less than RMB 5 million 159 16.3%
RMB 5-10 million 205 21.0%
Revenue Scale RMB 10.01-50 million 239 24.5%
RMB 50-300 million 263 27.0%
More than RMB 300 million 108 11.1%
Manufacturing 327 33.6%
Construction 57 5.9%
Wholesale and retail 109 11.2%
Industry Transportation, warehousing, and postal services 33 3.4%
Information, computer, and software services 204 20.9%
Insurance, banking, and securities 55 5.6%
Others 189 19.4%
Strategic planning/General management office 40 41%
Human resources/Finance/Legal affairs 240 24.6%
Department Marketing /Branding/Sales 236 24.2%
Product/R&D/Technology 328 33.7%
Operations/Supply chain 130 13.3%
Decision-making level 9 0.9%
Senior management 93 9.5%
Managerial Position Middle management 269 27.6%
Executive management 415 42.6%
Junior management 188 19.3%
One year or less 79 8.1%
1-3 years 268 27.5%
Tenure 4-6 years 300 30.8%
7-10 years 204 20.9%
More than 10 years 123 12.6%
4. Empirical Analysis and Hypothesis Testing
4.1. Reliability and Validity Analysis
4.1.1. Reliability Analysis
Reliability analysis assesses the consistency and stability of measurement results
and constitutes a fundamental prerequisite for ensuring the rigor of empirical research.
In this study, internal consistency was evaluated using Cronbach’s alpha based on
22 measurement items, as reported in Table 3. The corrected item total correlations for all
items exceed 0.40, indicating that each item contributes adequately to its corresponding
construct. Moreover, the overall reliability coefficients remain stable when individual items
are removed, suggesting a sound item structure. All constructs exhibit Cronbach’s alpha
values above the recommended threshold of 0.70, demonstrating satisfactory internal con-
sistency. These results confirm the reliability of the measurement instrument and provide
strong support for the robustness of the empirical findings.
Table 3. Reliability test of scale items (N = 974).
. Corrected Item Total Factor Cronbach’s « If ,
Variables Item Correlation (CITC) Loadings Item Deleted Cronbach’s o« CR  AVE
Al 0.565 0.721 0.747
ADUPI A2 0.565 0.718 0.744 0.784 0.849 0.484
A3 0.518 0.677 0.756
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Table 3. Cont.

. Corrected Item Total Factor Cronbach’s « If ,

Variables Item Correlation (CITC) Loadings Item Deleted Cronbach’sx  CR  AVE
A4 0.501 0.671 0.760
Ab 0.555 0.715 0.747
A6 0.511 0.672 0.757
B1 0.548 0.806 0.626

UPKE B2 0.561 0.816 0.609 0.721 0.843 0.642
B3 0.516 0.782 0.664
C1 0.556 0.816 0.587

UPKI C2 0.503 0.776 0.652 0.711 0.838 0.634
C3 0.528 0.796 0.622
D1 0.528 0.757 0.655
D2 0.479 0.706 0.682

AIR D3 0,504 0.729 0670 0.724 0.829 0.549
D4 0.543 0.769 0.645
E1l 0.504 0.677 0.725
E2 0.496 0.670 0.727
E3 0.511 0.685 0.723

UPI F4 0.500 0.674 0726 0.761 0.834 0.456
E5 0.473 0.645 0.733
E6 0.526 0.698 0.719

Remark 1: CR = composite reliability; AVE = average variance extracted.

4.1.2. Validity Analysis

The validity of the questionnaire data was examined from the perspectives of conver-
gent and discriminant validity. Prior research suggests that AVE is a relatively conservative
indicator of convergent validity; when composite reliability is high, convergent validity
may still be considered adequate even if AVE falls below 0.50 [54,55]. As reported in Table 3,
the AVE values of all constructs are above or close to the recommended threshold of 0.50,
and their corresponding CR values exceed 0.80, indicating that the measurement items
adequately capture the underlying latent constructs.

As reported in Table 4, the square roots of AVE for each construct are greater than or
comparable to the correlations with other constructs, and no excessively high inter-construct
correlations are observed, supporting satisfactory discriminant validity. Furthermore, as
reported in Table 5, the results of confirmatory factor analysis (CFA) show that all model fit
indices meet commonly accepted standards, providing additional evidence for the overall
validity of the measurement model.

Table 4. Discriminative validity analysis (N = 974).

Variables ADUPI UPKE UPKI AIR UPII
ADUPI 0.696
UPKE 0.620 0.801
UPKI 0.588 0.598 0.796
AIR 0.555 0.403 0.444 0.741
UPII 0.678 0.641 0.677 0.536 0.675

Remark 2: The diagonal number is the AVE square root value; AVE = average variance extracted.
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Table 5. Confirmatory factor analysis.

Measure Value Threshold
x2/df 2.365 acceptable if <3
RMR 0.014 acceptable if <0.08

GFI 0.958 acceptable if >0.90
NFI 0.933 acceptable if >0.90
IFI 0.960 acceptable if >0.90
CFI 0.960 acceptable if >0.90

4.2. Correlation Analysis

Pearson correlation analysis was conducted to examine the associations among the
key variables. As shown in Table 6, ADUPI exhibits significant positive correlations
with UPKE, UPKI, AIR, and UPII (r = 0.620, 0.588, 0.555, and 0.678, respectively). In
addition, UPKE, UPKI, and AIR are each positively and significantly related to UPII
(r=0.641, 0.677, and 0.536, respectively). These results confirm the expected relationships
among the study variables and provide a preliminary empirical foundation for subsequent
hypothesis testing.

Table 6. Correlations among variables (N = 974).

Variables Mean Std.Dev ADUPI UPKE UPKI AIR UPII
ADUPI 4.217 0.473 1
UPKE 4.162 0.526 0.620 ** 1
UPKI 4.180 0.555 0.588 ** 0.598 ** 1
AIR 4.184 0.511 0.555 ** 0.403 ** 0.444 ** 1
UPIll 4.250 0.473 0.678 ** 0.641 ** 0.677 ** 0.536 ** 1

Remark 3: “*” “**” and “***” indicate significance at the 0.05, 0.01, and 0.001 levels (two-tailed), respectively.

4.3. Common Method Bias and Variance Inflation Factor Tests

During the questionnaire design process, several procedural remedies—such as guar-
anteeing respondent anonymity and introducing psychological separation among mea-
surement items—were implemented to alleviate potential common method bias (CMB). In
addition, the results of Harman’s single-factor test indicate that the largest factor accounts
for 35.725% of the total variance, which is below the conventional 40% threshold, suggest-
ing that CMB is unlikely to be a serious concern in this study. We further assessed CMB
using the ULMC approach. As shown in Table 7, adding a common method factor did
not materially improve model fit, and the changes in the fit indices remained below the
recommended cutoffs, suggesting that CMB is unlikely to be a serious concern in this study.
Variance inflation factor (VIF) diagnostics were then conducted. As reported in Table 8,
all four independent variables exhibit VIF values well below 10, indicating the absence
of problematic multicollinearity. Taken together, these results suggest that the data are
suitable for subsequent regression analyses.

Table 7. Common method bias.

x>2/df RMSEA CFI GFI IFI TLI

Original model 2.365 0.037 0.960 0.958 0.960 0.954
Common method factor model 1.976 0.032 0.975 0.969 0.975 0.967
Changes in model fit ARMSEA ACFI AGFI AIFI ATLI
0.005 0.015 0.011 0.015 0.013

Evaluation criteria <0.05 <0.1 <0.1 <0.1 <0.1
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Table 8. VIF test result.

Measure Tolerance VIF
ADUPI 0.469 2.130
UPKE 0.532 1.881
UPKI 0.553 1.810
AIR 0.670 1.492

4.4. Empirical Testing
4.4.1. Direct Effects of ADUPI on UPII

In this study, In the regression analyses, ADUPI was specified as the indepen-
dent variable, with UPKE, UPKI, and UPII treated as dependent variables. In addition,
UPKE and UPKI were each entered as predictors of UPII to examine their respective
effects. As reported in Table 9, ADUPI exerts a significant positive influence on UPII
(Model 6: B = 0.667, p < 0.001), with an adjusted R? of 0.465, indicating that ADUPI
accounts for 46.5% of the variance in UPII and thus supporting Hypothesis H1.

Table 9. The direct effect of ADUPI on UPII (N = 974).

Dependent Variable
Explanatory Variable UPKE UPKI UPII
M1 M2 M3 M4 M5 Meé M7 M8
Constant 4.072 *** 1.210 *** 4.288 *** 1.438 *** 4.265 *** 1.504 *** 1.968 *** 1.852 ***
Control Variable Control Control Control Control Control Control Control Control
ADUPI 0.691 *** 0.689 *** 0.667 ***
UPKE 0.564 ***
UPKI 0.563 ***
R-squared 0.023 0.389 0.025 0.352 0.049 0.470 0.433 0.473
Adjusted R-squared 0.015 0.384 0.017 0.346 0.041 0.465 0.428 0.468
F 2.811** 68.260 *** 3.131 ** 58.191 *** 6.153 *** 95,002 ***  81.752 *** 96,173 ***

Remark 4: “*” “**” and “***” indicate significance at the 0.05, 0.01, and 0.001 levels (two-tailed), respectively.

ADUPI also shows significant positive effects on UPKE (Model 2: = 0.691,
p < 0.001; adjusted R? = 0.384) and UPKI (Model 4: B = 0.689, p < 0.001; adjusted
R? = 0.346), suggesting that ADUPI explains 38.4% and 34.6% of the variance in UPKE
and UPK]I, respectively. Furthermore, both UPKE (Model 7: 3 = 0.564, p < 0.001; adjusted
R? = 0.428) and UPKI (Model 8: = 0.563, p < 0.001; adjusted R? = 0.468) have significant
positive effects on UPII, accounting for 42.8% and 46.8% of its variance, respectively. These
findings establish a solid basis for subsequent mediation analyses.

Notably, the coefficients of control variables—including firm age, firm size, and own-
ership type—do not reach statistical significance. This suggests that, after controlling for
basic firm characteristics, UPII is primarily driven by ADUPI and operates through the
knowledge exchange and knowledge integration mechanisms. The inclusion of control
variables helps rule out alternative explanations and enhances the statistical rigor of the
regression results.

4.4.2. Indirect Effects of UPKE and UPKI

To examine the mediating roles of UPKE and UPKI in the relationship between ADUPI
and UPII, stepwise regression analyses were conducted following the procedure suggested
by Baron and Kenny (1986) [56]. As shown in Table 10, ADUPI has a significant positive
effect on UPII (Model 10: 3 = 0.667, p < 0.001). When UPKE is introduced into the model,
both ADUPI (Model 11: 3 = 0.443, p < 0.001) and UPKE (Model 11: 3 = 0.324, p < 0.001)
remain significant predictors of UPII, although the effect size of ADUPI is noticeably
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reduced. This pattern indicates that UPKE partially mediates the relationship between
ADUPI and UPII, providing support for Hypothesis H2a.

Table 10. The indirect effect of ADUPI on UPII (N = 974).

Dependent Variable
Explanatory Variable UPII
M9 M10 M11 M12
Constant 4.265 *** 1.504 *** 1.113 *** 0.989 ***
Control Variable Control Control Control Control
ADUPI 0.667 *** 0.443 *** 0.420 ***
UPKE 0.324 ***
UPKI 0.358 ***
R-squared 0.049 0.470 0.549 0.584
Adjusted R-squared 0.041 0.465 0.544 0.580
F 6.153 *** 95.002 *** 117.302 *** 135.399 ***

Remark 5: “*” “**” and “***” indicate significance at the 0.05, 0.01, and 0.001 levels (two-tailed), respectively.

Similarly, when UPKI is included as a mediator, ADUPI (Model 12: 3 = 0.420,
p < 0.001) and UPKI (Model 12: 3 = 0.358, p < 0.001) both exert significant positive ef-
fects on UPII, with the coefficient of ADUPI further attenuated. This result suggests
a partial mediating role of UPKI in the ADUPI-UPII relationship, thereby supporting
Hypothesis H2b.

4.4.3. Dual Mediating Effects of UPKE and UPKI

The Mediation effects were further examined using the bootstrap procedure imple-
mented in the PROCESS macro. The results confirm the mediating roles of UPKE and
UPKI in the relationship between ADUPI and UPII. As reported in Table 11, the total
indirect effect of ADUPI on UPIl is 0.342, with a bootstrap standard error of 0.036 and a
95% bootstrap confidence interval of [0.271, 0.412]. Because this interval does not include
zero, the dual mediation effect is statistically significant. Moreover, the total indirect effect
accounts for 51.27% of the overall effect, indicating that a substantial portion of ADUPI's
influence on UPII operates through the two knowledge-based mechanisms.

Table 11. Parallel dual mediation (N = 974).

Variables Effect Value SE LLCI ULCI Effect Size
Total effect 0.667 0.024 0.620 0.714 100%
Direct effect 0.324 0.028 0.270 0.379 48.58%
Indirect UPKE 0.144 0.023 0.099 0.190 21.59%
effect UPKI 0.198 0.025 0.150 0.245 29.69%

Remark 6: SE = standard error; LLCI/ULCI = lower/upper 95% confidence bounds.

Decomposing the indirect effects reveals two specific mediation pathways. The first
pathway, ADUPI — UPKE — UPII, yields an indirect effect of 0.144 (SE = 0.023; 95% bias-
corrected CI =[0.099, 0.190]), representing 21.59% of the total effect. This result suggests
that ADUPI enhances UPII in part by facilitating user—producer knowledge exchange.
The second pathway, ADUPI — UPKI — UPII, produces a larger indirect effect of 0.198
(SE = 0.025; 95% bias-corrected CI = [0.150, 0.245]), accounting for 29.69% of the total
effect, indicating that knowledge integration constitutes a more influential transmission
mechanism. In addition, ADUPI not only shows a significant direct association with
UPII (direct effect = 0.324) but also exerts significant indirect effects via UPKE (indirect
effect = 0.144) and UPKI (indirect effect = 0.198). Notably, the UPKI pathway is stronger
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than the UPKE pathway, suggesting that UPII relies not merely on information transfer
but more critically on the integration, recombination, and application of knowledge from
multiple sources.

Taken together, the two mediation paths contribute comparable but distinct
proportions—approximately 22% and 30%—to the overall indirect effect, underscoring the
importance of both UPKE and UPKI in translating Al-driven interaction into interconnected
innovation. These findings provide further empirical support for Hypotheses H2a and
H2b and highlight the critical role of fostering both knowledge exchange and knowledge
integration within Al-enabled interaction processes.

4.4.4. Moderating Effects of Al Readiness

Hierarchical linear regression was employed to examine the moderating role of Al
Readiness (AIR) in the relationships between ADUPI and both UPKE and UPKI. Prior to
constructing the interaction terms, the independent and moderating variables were mean-
centered and then multiplied to reduce potential multicollinearity between the interaction
terms, the predictors, and the control variables.

The results are presented in Table 12. The interaction between ADUPI and AIR has
a significant positive effect on UPKE (Model 16: 3 = 0.151, p < 0.001), indicating that
AIR strengthens the impact of ADUPI on knowledge exchange and thereby supporting
Hypothesis H3a. Similarly, the ADUPI x AIR interaction term also exhibits a significant
positive effect on UPKI (Model 20: 3 = 0.147, p < 0.001), suggesting that AIR positively
moderates the relationship between ADUPI and knowledge integration. Thus, Hypothesis
H3b is also supported.

Table 12. Test of the moderating role of AIR (N = 974).

Dependent Variable
Explanatory Variable UPKE UPKI
M13 M14 M15 Mi16 M17 M18 M19 M20
Constant 4.072 *** 1.210 *** 1.051 *** 0.608 ** 4.288 *** 1.438 *** 1.115 *** 0.683 **
Control Variable Control Control Control Control Control Control Control Control
ADUPI 0.691 *** 0.639 *** 0.694 *** 0.689 *** 0.582 *** 0.635 ***
AIR 0.091 ** 0.133 *** 0.186 *** 0.227 ***
ADUPI x AIR 0.151 *** 0.147 ***
R-squared 0.023 0.389 0.395 0.412 0.025 0.352 0.372 0.387
Adjusted R-squared 0.015 0.384 0.388 0.405 0.017 0.346 0.366 0.380
F 2.811 ** 68.260 ***  62.764 ***  £1.242 *** 3.131 ** 58.191 ***  57.050 ***  55.158 ***

Remark 7: “*” “**” and “***” indicate significance at the 0.05, 0.01, and 0.001 levels (two-tailed), respectively.

4.4.5. Further Tests of the Moderating Effects of Al Readiness

To further illustrate the moderating role of Al Readiness (AIR) in the relationships
between ADUPI and both UPKE and UPK]I, interaction effects were visualized by plotting
simple slopes at one standard deviation above and below the mean of AIR. As shown
in Figure 2, the effect of ADUPI on UPKE is stronger under high AIR conditions (simple
slope = 0.77, p < 0.001) than under low AIR conditions (simple slope = 0.62, p < 0.001).
This pattern indicates a significant positive moderating effect of AIR on the ADUPI-UPKE
relationship, providing further support for Hypothesis H3a.
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Figure 2. The moderating effect of AIR on ADUPI and UPKE.

Figure 3 presents a similar pattern for UPKI. Specifically, ADUPI exerts a more pro-
nounced effect on UPKI when AIR is high (simple slope = 0.71, p < 0.001), whereas the effect
is weaker under low AIR conditions (simple slope = 0.56, p < 0.001). These results suggest
that the positive influence of ADUPI on knowledge integration intensifies as Al readiness
increases, confirming the moderating role of AIR in the ADUPI-UPKI relationship and
lending additional support to Hypothesis H3b.
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Low AI-UPI High AI-UPI
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Figure 3. The moderating effect of AIR on ADUPI and UPKIL

4.5. Summary of Empirical Results

To assess the robustness of our conclusions, we conducted several alternative model
specifications. First, we re-estimated the dual-mediation model by decomposing it into
single-path models and a parallel mediation model. The results show that the coefficients
remain significant and consistent in direction across specifications, supporting the stabil-
ity of the main findings. Second, although the cross-sectional survey design limits the
availability of archival instrumental variables, we provide a theoretical rationale for the
relative exogeneity of the focal predictor in terms of temporal ordering and causal logic,
and we include key controls (e.g., firm size and industry) to mitigate potential endogeneity
concerns as much as possible.

As summarized in Table 13, ADUPI exerts both a significant direct effect on UPII and
significant indirect effects through UPKE and UPKI, with the dual mediation mechanism
accounting for a substantial proportion of the overall influence. These findings indicate
that ADUPI not only directly stimulates interconnected innovation but also enhances UPII
indirectly by facilitating knowledge exchange and knowledge integration.
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Table 13. Results of hypothesis tests (N = 974).

Hypotheses Path Effect Value Conclusion
H1 Al-Driven User-Producer Interaction — User—producer 0.667 *+* Support
Interconnected Innovation
Hoa Al-Driven User—Producer Interaction — User—producer kn.owledge 0,144 *++* Support
exchange — User—producer Interconnected Innovation
Hob AI-D.I'IVGH Uger—Producer Interaction — User—producer kn(?wledge 0.198 *** Support
integration — User—producer Interconnected Innovation
Al-Driven User-Producer Interaction x Al e
Hsa Readiness — User—producer knowledge exchange 0-151 Support
H3b Al-Driven User-Producer Interaction x Al 0,147 #+ Support

Readiness — User—producer knowledge integration

Remark 8: “*” “**” and “***” indicate significance at the 0.05, 0.01, and 0.001 levels (two-tailed), respectively.

Further moderation analyses reveal that Al Readiness (AIR) positively moderates the
relationships between ADUPI and both UPKE and UPKI. Specifically, under conditions
of higher AIR, the positive effects of ADUPI on knowledge exchange and knowledge
integration become more pronounced, thereby amplifying the overall impact of ADUPI on
UPII through the dual mediation pathways.

These findings provide empirical evidence clarifying how ADUPI translates into UPII
and offer valuable managerial implications, suggesting that firms can enhance interaction
outcomes and develop more effective marketing strategies by strengthening algorithmic
capabilities, digital infrastructure, and Al readiness. The empirically validated research
model and the estimated effects of each pathway are illustrated in Figure 4.

Al Readiness
(AIR)

H,, 0.144%*

H;, 0.151** User-producer
knowledge exchange
(UPKE)

Al Driven User-Producer User-producer
Interaction H, 0.667* Interconnected Innovation
(ADUPI) Hyy, 0.147 (UPID)
User-producer
knowledge integration
(UPKI)

H,, 0.198"*

Figure 4. Tested research model and effect sizes. Remark 8: “*” “**” and “***” indicate significance at
the 0.05, 0.01, and 0.001 levels (two-tailed), respectively.

5. Discussion and Conclusions
5.1. Research Conclusions

Based on questionnaire survey data and empirical analysis methods, this study sys-
tematically examines the mechanisms through which Al-Driven User—Producer Interaction
(ADUPI) influences User-Producer Interconnected Innovation (UPII), with a particular
focus on the mediating roles of User—Producer Knowledge Exchange (UPKE) and User—
Producer Knowledge Integration (UPKI), as well as the moderating effect of AI Readiness
(AIR). The results indicate that ADUPI not only positively associated with UPII but also
exerts significant indirect effects through the two pathways of UPKE and UPKI, forming a
clear and robust dual mediating mechanism.

First, the regression analysis shows a significant positive association between ADUPI
and UPII, confirming the critical role of Al technologies in empowering user—producer rela-
tionships and facilitating the transformation of innovation models. This finding suggests
that, with the support of Al technologies, Producers and users are more likely to engage in
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more frequent and higher-quality interactions, thereby effectively stimulating cross-actor
collaborative innovation and driving the continuous optimization of products and services.

Second, the mediation analysis reveals the underlying theoretical mechanisms through
which ADUPI promotes UPII. Both UPKE and UPKI play significant mediating roles in
the relationship between ADUPI and UPII, with the dual mediating effects accounting
for a substantial proportion of the overall impact of ADUPI on UPIL This result indicates
that Al-driven user—producer interaction does not automatically translate into innovation
outcomes; rather, its innovation potential is typically realized through the exchange and
integration of knowledge between Producers and users. Compared with simple information
transmission, the knowledge fusion and reconstruction mechanism represented by UPKI
exhibits stronger explanatory power for innovation outcomes, highlighting the pivotal role
of deep knowledge integration in interconnected innovation.

Finally, the moderating effect analysis demonstrates that AIR positively moderates
the relationships between ADUPI and UPKE as well as between ADUPI and UPKI. When
firms exhibit higher levels of Al Readiness, the positive effects of ADUPI on knowledge
exchange and knowledge integration become stronger, thereby further strengthening its
overall impact on UPII through the dual mediating pathways. In contrast, under conditions
of lower AIR, even frequent interactions between Producers and users may fail to generate
effectively identifiable, integrable, and exploitable knowledge value, which in turn weakens
the role of interaction in promoting innovation.

Taken together, in e-commerce settings, Al-driven producer—user interaction can
significantly shape firms’ innovation outcomes through UPKE and UPK]I, offering empirical
insights for platform firms and online marketplace operators.

5.2. Theoretical Contributions

First, this study deepens the theoretical understanding of the relationship between
Al and interconnected innovation by adopting a user-producer interaction perspective,
thereby extending the analytical boundaries of existing Al innovation research. Most prior
studies have examined the impact of Al technologies on innovation performance, decision
efficiency, or organizational capabilities from an internal firm perspective, emphasizing the
instrumental role of Al in data analytics, process optimization, and R&D support [57,58].
Although a small number of studies have begun to explore the influence of Al on business
models, business ecosystems, or value networks [59], limited attention has been paid to
how Al reshapes interactions between firms and users and, in turn, drives interconnected
innovation characterized by distributed multi-actor participation. To address this gap,
this study introduces the concept of Al-Driven User-Producer Interaction (ADUPI) and
systematically elucidates how Al technologies empower user—producer relationships by
enhancing interaction frequency, enabling precise matching, and facilitating continuous
feedback, thereby promoting User-Producer Interconnected Innovation (UPII). In doing so,
this study advances Al innovation research from an emphasis on “internal firm enablement”
toward a broader theoretical perspective of “cross-actor collaborative innovation.”

Second, by distinguishing and integrating User—Producer Knowledge Exchange
(UPKE) and User-Producer Knowledge Integration (UPKI), this study develops a dual
mediating theoretical framework of “user—producer interaction-knowledge mechanisms—
interconnected innovation,” thereby enriching the knowledge-based view and open inno-
vation theory. Although existing studies widely acknowledge the central role of knowledge
in innovation, most focus on a single mechanism, such as knowledge acquisition or knowl-
edge sharing [23,29], and pay limited attention to the differentiated functions of knowledge
across the stages of knowledge flow and knowledge integration. Within the context of
user-producer interaction, this study clearly distinguishes between the bidirectional knowl-
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edge flow mechanism represented by UPKE and the knowledge fusion, reconstruction,
and re-creation mechanism embodied in UPKI. The empirical results demonstrate that
both mechanisms play critical but differential mediating roles in the relationship between
ADUPI and UPIL This finding responds to the long-standing debate in open innova-
tion research regarding whether knowledge flows necessarily translate into innovation
outcomes [60], indicating that knowledge exchange alone is insufficient to sustain innova-
tion, and that deep knowledge integration constitutes a necessary condition for achieving
interconnected innovation.

Third, this study introduces Al Readiness (AIR) as a key contextual variable and
reveals the moderating role of firm heterogeneity in the process of Al value realization,
thereby enriching research on dynamic capabilities and technological readiness. Prior
studies suggest that technologies per se do not automatically generate performance or
innovation advantages; rather, their value critically depends on firms’ organizational capa-
bilities to absorb, integrate, and apply them [61,62]. The findings of this study further show
that AIR not only affects firms” direct application outcomes of Al technologies but also sig-
nificantly moderates the efficiency with which ADUPI is transformed into UPKE and UPKL
This result advances explanations in the Al capability literature regarding why similar Al
investments may lead to divergent innovation outcomes across firms [48], highlighting the
bridging role of Al readiness between technological potential and open innovation outputs.
This study is based on firm-level evidence from Mainland China. China’s institutional
environment—characterized by policy support for digital transformation and Al adoption,
industrial guidance, and evolving frameworks for data openness and regulation—provides
an enabling backdrop for firms to implement Al At the same time, substantial variation
exists in firms’ digital infrastructure, informatization, and data governance maturity, which
directly affects their ability to convert Al into tangible business value, namely AIR. Specif-
ically, stronger digital infrastructure and more mature data management processes can
enable firms to engage in more efficient interaction with users, thereby reinforcing the
positive moderating role of AIR on UPKE and UPKI. In contrast, firms with weaker digital
capabilities or limited institutional support may face constraints that dampen the effect of
AIR. By explicating the contingent roles of institutional conditions and digital maturity,
this study offers theoretical and empirical grounding for understanding the boundary
conditions of AIR across different contexts.

Finally, from an interconnected innovation perspective, this study responds to the-
oretical issues and emerging trends related to the evolution of innovation modes in the
era of digital intelligence. Unlike traditional firm-centered and linear innovation models,
interconnected innovation emphasizes multi-actor participation, knowledge co-creation,
and continuous evolution [63]. The findings of this study indicate that, under the support
of Al technologies, Producers and users can jointly participate in the innovation process
through interaction, knowledge exchange, and knowledge integration, thereby driving a
transition in innovation modes from a producer-dominated logic toward a user—producer
collaborative logic. This conclusion not only enriches the literature on open innovation and
platform-based innovation but also provides new empirical evidence for understanding
the formation mechanisms of innovation ecosystems in Al-enabled contexts. Moreover, by
clarifying how ADUPI influences UPII via UPKE and UPK]I, this study offers an actionable
theoretical foundation for future work that models producer-user collaborative innovation
from complex systems or network perspectives.

5.3. Managerial Implications

First, firms should position Al technologies as critical infrastructures for restructuring
user—producer interactions, rather than merely as tools for internal efficiency improvement.
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This study demonstrates that Al-Driven User-Producer Interaction (ADUPI) constitutes
a direct driver of User-Producer Interconnected Innovation (UPII). Accordingly, when
advancing Al applications, firms should prioritize the value of Al in connecting Producers
and users and enhancing interaction quality, rather than focusing solely on automation or
cost reduction. By developing intelligent customer service systems, personalized recom-
mendation engines, real-time feedback mechanisms, and data analytics platforms, firms
can continuously capture user needs and feedback before, during, and after transactions,
thereby providing stable and dynamic data foundations for innovation activities [64—66].
Such practices enable firms to shift from passively responding to demand toward proac-
tively guiding innovation through interaction. In addition, e-commerce firms should invest
in building Al-enabled interaction systems, and by enhancing interaction frequency and
quality as well as strengthening capabilities for UPKE and UPKI, they can more effectively
promote product and service innovation and achieve sustainable competitive advantage
on digital platforms.

Second, firms should move beyond merely increasing interaction frequency and in-
stead focus on deepening knowledge mechanisms by enhancing capabilities for knowledge
exchange and knowledge integration. The empirical results indicate that the impact of
ADUPI on UPII is primarily realized through the two pathways of User-Producer Knowl-
edge Exchange (UPKE) and User—Producer Knowledge Integration (UPKI), with knowledge
integration exhibiting stronger explanatory power. This implies that interaction alone does
not automatically generate innovation advantages; rather, the key lies in firms” ability
to transform dispersed information generated through interaction into reconstructable
and applicable knowledge. Firms should therefore establish data governance systems,
cross-functional coordination mechanisms, and user-involved innovation processes to sys-
tematically integrate user feedback, usage behaviors, and demand information into product
development, service optimization, and business model innovation, thereby facilitating a
transition from information accumulation to knowledge creation.

Third, firms should systematically enhance AI Readiness (AIR) to amplify the overall
effect of transforming ADUPI into UPIL This study finds that AIR positively moderates
the relationships between ADUPI and both UPKE and UPKI, such that the interconnected
innovation effects of Al-driven interaction are significantly strengthened under conditions
of high AIR. Consequently, when implementing Al strategies, firms should not concentrate
solely on technology adoption itself, but should simultaneously advance the development
of technological infrastructure, data processing capabilities, organizational support mech-
anisms, and strategic alignment. By improving Al readiness, firms can more effectively
identify, integrate, and exploit knowledge resources generated through interaction, thereby
achieving sustained interconnected innovation in highly uncertain market environments.

5.4. Research Limitations and Future Research Directions

Despite its contributions, this study has limitations. First, this study relies on cross-
sectional survey evidence. Although multiple remedies were adopted to mitigate CMB, a
cross-sectional design cannot support strict causal inference and therefore cannot fully rule
out potential reverse causality or endogeneity concerns. In other words, the relationships
identified in this study primarily reflect statistical associations and their consistency with
the theoretical framework rather than definitive causal effects. Future research could ad-
dress this limitation by incorporating longitudinal or secondary data, collecting information
on interaction, knowledge mechanisms, and UPII at multiple time points to better capture
the dynamic evolution of these processes.

Second, this study primarily measures user—producer interaction and innovation
outcomes from the firm perspective. The measures therefore capture firms’ subjective
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perceptions of user interaction behaviors rather than directly observing users as indepen-
dent actors, which limits the granularity with which the micro-level interaction process
can be portrayed. Future research could incorporate user-side data by using matched
firm—user samples to collect information from both users and firms and to examine how
user behaviors relate to firms’ innovation outcomes, thereby offering a more comprehensive
account of how collaborative innovation emerges. Alternatively, researchers could adopt
multi-actor or multi-level designs (e.g., multilevel modeling) to more fully capture the
formation mechanisms of collaborative innovation between the two sides.

Third, this study focuses on the moderating role of overall Al Readiness (AIR). Future
research could further disaggregate Al readiness into its constituent dimensions and exam-
ine the differential effects of technological, organizational, and strategic Al capabilities on
interaction-driven innovation processes. For example, technological AIR may be captured
through data infrastructure and algorithmic capability; organizational AIR may be reflected
in employee skills and process optimization; and strategic AIR may be indicated by top
management support and the clarity of Al strategy. Such a more fine-grained approach
would help clarify the specific channels through which AIR shapes interaction and in-
novation outcomes. Such extensions would deepen insights into how specific Al-related
capabilities condition the transformation of Al-driven interaction into knowledge exchange,
knowledge integration, and ultimately interconnected innovation.
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