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Abstract

Over the past decade, artificial intelligence (AI) has been increasingly used in firm in-
novation. While Al has contributed to innovation improvement, direct evidence of its
effectiveness in radical innovation is limited. This study fills this gap by empirically investi-
gating the impact of Al on radical innovation and how this relationship is shaped by digital
foundation and government subsidy from the perspectives of technological synergy and
the external institutional environment. Using panel data from Chinese A-share listed firms
from 2007 to 2023, this study empirically tests hypotheses through regression analyses.
The findings reveal that Al adoption significantly promotes radical innovation, and this
relationship is moderated by the characteristics of a firm’s digital foundation (i.e., degree
and rate) as well as government subsidy. Specifically, a high degree of digital foundation
hinders Al-driven radical innovation, while a fast rate enhances it. In addition, government
subsidy strengthens the positive impact of Al adoption on radical innovation. A hetero-
geneity analysis further shows that both the timing (early vs. late) and pace (fast vs. slow)
of Al adoption exert nuanced impacts: firms that adopt Al later and at a slower pace tend
to achieve greater gains in radical innovation. This study advances research on radical
innovation in the era of intelligence and provides managerial implications regarding the
interplay of Al with internal digital foundation and external government subsidy.

Keywords: Al adoption; radical innovation; digital foundation; government subsidy;
TOE framework

1. Introduction

In the intelligent age, embracing Al has become a consensus among businesses aiming
to maintain a competitive edge [1,2]. However, does investing heavily in Al truly make
corporate innovation more radical? The reality appears to be full of contradictions. On
the one hand, Al-driven radical innovations are beginning to emerge. We have witnessed
Al’s remarkable potential to accelerate new drug development, foster novel material
science advancements, and transform cutting-edge product design. For example, Huawei’s
“Pangu” Al platform can automatically complete complex core chip design tasks with
significantly greater speed and precision than traditional tools, substantially accelerating
radical innovation in the semiconductor sector. On the other hand, many firms have
found that their Al initiatives fail to yield the expected radical innovation outcomes. For
instance, GE invested billions of USD in its smart industrial Internet platform “Predix”, but
due to factors like organizational inertia and difficulties in technological integration, the
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initiative fell short of its intended goals in achieving Al-enabled radical innovation. This
phenomenon has drawn increasing attention from both business practitioners and academic
researchers. In response, scholars have begun calling for more in-depth and systematic
investigations into the relationship between Al and radical innovation in firms [3,4].

Radical innovation originates from the novel recombination of previously unrelated
knowledge and is characterized by high complexity and uncertainty [5,6]. Al, with its
powerful capabilities in perception, cognition, and autonomous action, is widely expected
to facilitate radical innovation by accelerating technological convergence and knowledge
creation, as well as enhancing market sensing and demand insight [7,8]. Despite high
expectations for Al’s potential to foster radical innovation, existing research primarily
focuses on Al’s relationship with green innovation, product and service innovation, or
process innovation, or examines its impact on overall enterprise innovation performance or
behavior [9-12]. In contrast, current research provides insufficient theoretical explanation
as to whether Al can drive radical innovation outcomes and lacks large-sample empirical
validation, noticeably lagging behind radical innovation practice [3]. Furthermore, existing
studies tend to view Al adoption as a singular entity, failing to examine how specific
adoption characteristics—such as timing and pace of adoption—differentially affect radical
innovation [11,13]. Therefore, to bridge this gap and deepen the systematic understanding
of Al's empowerment of enterprise radical innovation, the first core research question
posed by this study is: to what extent can enterprise Al adoption promote the emergence
of radical innovation outcomes, and do different characteristics of Al adoption (such as
adoption timing and pace) have a differential impact on radical innovation?

The TOE framework posits that a firm’s technology adoption and innovation behaviors
are jointly influenced by three contextual dimensions: technological (T), organizational (O),
and environmental (E) factors [14,15]. Existing studies on the impact of Al have primarily
focused on the overall effects of Al technology itself [16]. However, one underexplored
perspective is the interaction between Al and organizational-level factors—specifically, a
firm’s digital foundation. According to the resource-based view, a firm’s digital foundation
is a critical internal contextual factor influencing the realization of Al's potential [17]. This is
because Al technology does not exist or operate in isolation; instead, it is embedded within
a firm’s existing digital infrastructure, collaborating with other digital technologies like
data platforms, cloud computing, and Internet of Things. Therefore, only examining the
independent impact of Al technology might not fully reveal its empowerment pathways
within a complex digital ecosystem. Nevertheless, prior research has not yet sufficiently
addressed the role of firms’ digital foundation in the process of Al-driven radical inno-
vation [16]. To answer this question, this paper distinguishes and introduces two key
dimensions to measure a firm’s digital foundation prior to the systematic introduction of
Al technology: (1) the degree of digital foundation, which refers to the completeness of a
firm’s digital infrastructure and processes, reflecting its static accumulation of technological
resources; and (2) the rate of digital foundation, which refers to the rate at which a firm
advances its digital foundational changes, reflecting its dynamic capabilities. We anticipate
that a faster pace of digital transformation will foster greater organizational agility and
enhance technological integration, thereby supporting the innovative application of AI [18].
However, a highly mature digital foundation, on the other hand, can create path depen-
dency and organizational inertia, potentially hindering the generation and acceptance of
radical innovation ideas. Accordingly, this study poses a second core research question:
how do the degree and rate of digital foundation moderate the relationship between Al
adoption and radical innovation?

Beyond internal organizational factors, the external institutional environment also
profoundly influences the process of Al-enabled radical innovation. Among these external
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factors, government subsidies stand out as a crucial policy tool whose role warrants partic-
ular attention [19,20]. In the realm of radical innovation, while the integration of Al injects
new momentum into firms’ radical innovation efforts, it also introduces new challenges
such as technological path uncertainty, algorithmic inexplicability, and systemic integration
complexity [21,22]. In this context, external resource support becomes especially critical.
Government subsidies are widely expected to share the high sunk costs of frontier explo-
ration and alleviate firms’ concerns about the uncertainty associated with new technologies
and radical innovation activities through policy support [23,24]. This, in turn, is anticipated
to incentivize firms to more boldly apply Al technologies to frontier radical innovation
activities [20]. However, existing research has not yet systematically revealed the contingent
role of government subsidies in the “Al adoption—radical innovation” pathway [25,26].
Therefore, to bridge this gap, the third core research question posed by this study is: how
do government subsidies moderate the relationship between Al adoption and enterprise
radical innovation?

To address the questions outlined above, this study develops a systematic theoretical
model integrating Al adoption, organizational-level digital foundation, and external insti-
tutional environment-level government subsidies. This model is built upon the resource-
based view and the TOE framework. We use data from Chinese A-share listed companies
on the Shanghai and Shenzhen stock exchanges spanning from 2007 to 2023. Utilizing
panel data regression analysis, we thoroughly examine the direct link between Al adoption
and corporate radical innovation. Furthermore, we investigate the moderating roles of
digital foundation and government subsidies in this relationship. Finally, the study further
explores the nuanced characteristics of Al adoption, with particular attention to the timing
(“early vs. late”) and pace (“fast vs. slow”) dimensions.

Our research makes three contributions. First, we offer new insights into the
organizational-level boundary conditions of the relationship between Al and radical in-
novation by examining the interaction between Al and firms’ digital foundation from a
technological synergy perspective. Previous research on the impact of Al technology often
treats Al as an independent variable, overlooking its synergistic effects with a firm’s digital
foundation [7,9]. This oversight may hinder our understanding of the interwoven and
integrated nature of diverse technologies within the current digital innovation ecosystem.
Our study distinguishes and investigates two key dimensions of digital foundation: its
“degree” and “rate”. By analyzing their influence on Al-driven radical innovation activities,
we advance knowledge of firms’ radical innovation pathways in the context of multi-
technology convergence. Second, our research enriches the study of external contextual
effects on the relationship between Al and radical innovation by exploring the role of an
external environmental factor—government subsidies. Although government subsidies are
widely recognized as a crucial policy tool for promoting technological innovation, empiri-
cal evidence on their effectiveness in Al-based radical innovation activities remains very
limited [3,19]. By confirming the positive moderating role of government subsidies, this
study provides new insights into how policy tools can effectively amplify the innovation
potential of Al Third, by examining the timing (early vs. late) and pace (fast vs. slow)
of Al adoption and their differential impacts on radical innovation, we move beyond the
traditional perspective that treats Al adoption as a static and unified process, offering more
fine-grained empirical evidence from a dynamic lens [25].

2. Theoretical Analysis and Hypothesis Development
2.1. Resource-Based View and TOE Framework

The resource-based view of the firm provides the theoretical foundation for construct-
ing our conceptual framework. According to the resource-based view, a firm is a collection
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of resources and capabilities [27]. Differences in these resources and capabilities lead to
variations in firm performance [17,28]. Resources are defined as all assets, capabilities,
organizational processes, firm attributes, information, knowledge, and other elements
controlled by a firm that enable it to conceive and implement strategies aimed at improving
efficiency and effectiveness [17]. Capabilities are considered a specific type of resource,
rooted in the dynamic interaction between a firm and its various resources, reflecting the
firm’s potential to perform fundamental functional activities and optimize operations [29].
As a unifying theoretical framework for understanding how firms accumulate, utilize, and
deploy resources to achieve high performance, the resource-based view has been widely
used to explain the determinants of firm innovation performance [30,31]. From this theo-
retical perspective, Al emerges as a strategic resource possessing rarity, inimitability, and
organizational embeddedness, providing crucial support for firms’ radical innovation [3].
Al through complex computational processes, simulates human-like intelligence (such as
perception, prediction, and planning), enabling machines to assist or even surpass human
decision-making and innovation capabilities [32,33]. Its highly intelligent, self-learning,
and rapidly evolving characteristics mean it can not only optimize existing processes but
also inspire fundamental transformations in products, services, and business models [4].

Although Al technology inherently possesses strategic value, the resource-based view
posits that the extent to which firms can derive value from such strategic resources largely
depends on their internal organizational conditions and external environmental factors [17].
To further identify and examine the key contextual factors influencing Al-driven radical
innovation, this study adopts the technology—organization-environment (TOE) framework
as a core analytical lens [15]. The central proposition of the TOE framework emphasizes
that a firm’s adoption of new technologies and innovation behavior is not determined by a
single factor but is instead the result of interactions among three dimensions: technology (T),
organization (O), and environment (E) [14,15,34,35]. As a classical theoretical framework
for explaining firms’ adoption of new technologies and innovation behavior, the TOE
framework aligns well with the research context of Al-driven radical innovation, offering a
solid theoretical foundation for our in-depth analysis of how firms integrate internal and
external resources to foster such innovation [34,35].

Based on this, and guided by the systemic logic of T-O-E interactions, this study
develops an integrated moderation model that incorporates the three TOE dimensions
to investigate the formation mechanisms and boundary conditions of Al-driven radical
innovation (as shown in Figure 1). Specifically, we focus on key variables across the
following three dimensions: In terms of technology (T), Al adoption by firms reflects
their access to and deployment of cutting-edge technological resources, which directly
form the technological foundation and starting point for disruptive product or service
development [4,36]. From the organizational (O) perspective, the degree and rate of digital
foundation represent critical organizational capabilities and resource endowments that
influence the effectiveness of Al application, determining whether firms can effectively
absorb and utilize Al [37]. Regarding the environmental (E) dimension, government
subsidies serve as a major external funding source that can alleviate resource constraints
and signal policy support, thereby encouraging firms to invest Al resources into high-risk,
high-reward exploratory innovation efforts [20].
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Figure 1. The theoretical model.

In summary, by integrating the resource-based view with the TOE framework, this
study not only enriches the theoretical perspective on the relationship between Al adoption
and radical innovation but also helps to systematically uncover how key internal and
external contextual factors jointly shape the innovation value of Al technologies.

2.2. Relationship Between Al Adoption and Radical Innovation

Radical innovation typically refers to fundamental product, service, or business model
transformations achieved through the recombination of formerly unconnected knowl-
edge [3]. It is not merely a linear improvement of existing technologies, but rather a
groundbreaking reorganization of previously unrelated knowledge domains that funda-
mentally alters established technological pathways and reshapes industry competitive
landscapes and developmental directions [5,38]. The success of radical innovation relies
not only on a firm’s exploratory efforts but also on customer acceptance [39]. Therefore,
to achieve the desired knowledge novelty and high customer value, firms must build and
develop unique knowledge systems and organizational capabilities.

Al as a cutting-edge, highly versatile, and pervasive technological resource, provides
core empowerment for firms to form difficult-to-imitate, irreplaceable, and valuable combi-
nations of knowledge and capabilities. It is increasingly becoming a key driver of radical
innovation. On the one hand, Al ensures the “knowledge novelty” required for radical in-
novation by promoting technological convergence and knowledge creation [3]. Specifically,
Al technologies such as knowledge graphs, natural language processing (NLP), and deep
learning can bridge data silos and integrate multi-source heterogeneous information. This
allows for the discovery of hidden technological connections and synergistic effects, giving
rise to entirely new technological trajectories and solutions [40]. For example, Google’s
DeepMind utilized Al to integrate ophthalmic imaging data with biological knowledge
bases, developing an automated retinal disease diagnosis system. This not only signifi-
cantly improved diagnostic efficiency but also represented a revolutionary evolution in
the field of computer-assisted diagnosis. On the other hand, Al empowers market sensing
and demand insight, supporting the “high customer value” necessary for radical inno-
vation [41]. Through advanced recognition and predictive capabilities, data-driven Al
models significantly strengthen a firm'’s sensitivity to potential market signals, industry
dynamics, and macro-level policy changes, while enhancing its foresight into future trends
and innovation opportunities. For instance, Amazon uses Al algorithms to analyze con-
sumer behavior data to accurately predict market demand, subsequently launching the



Systems 2025, 13, 702

6 of 26

pre-emptive product “Amazon Echo”, successfully opening up and dominating the entirely
new smart speaker market. Thus, these arguments lead to the following hypothesis:

H1. Al adoption is positively related to radical innovation.

2.3. The Moderating Impact of Digital Foundation

To reveal the synergistic effects between Al technologies and firms’ digital foundation,
this study further divides the digital foundation into two dimensions: degree and rate.
The degree of digital foundation reflects the completeness of digital infrastructure and
processes. In organizations with a high degree of digital foundation, the positive effect
of Al on radical innovation may be constrained by path dependence, organizational in-
ertia, and integration challenges. Such firms have typically established complex digital
infrastructures and have formed stable processes and resource allocation paths. As a result,
this path dependence can lead to technological lock-in, making firms more inclined to use
Al to optimize existing processes rather than driving cross-domain technological recom-
bination [42]. As organizational structures and business processes become increasingly
rigid, firms may resist exploring new directions, resulting in organizational inertia [43].
Moreover, integrating emerging Al technologies into mature and complex digital infrastruc-
ture often entails unforeseen technical and managerial challenges, which ultimately hinder
the application of Al in radical innovation [44]. Therefore, despite possessing stronger
technological reserves, firms with a high degree of digital foundation may find the impact
of Al on radical innovation constrained by path dependence, organizational inertia, and
integration challenges.

In addition, firms with a faster rate of digital foundation development typically
demonstrate stronger technological integration capability and organizational agility, which
amplify the enabling effect of Al on radical innovation. Rapid digital transformation reflects
a dynamic process of accelerated learning, efficient absorption, and deep integration of new
technologies [44]. Firms accustomed to fast iteration can embed AI more seamlessly into
existing processes and architectures, rather than treating it as a standalone module. This
internalized integration capability supports cross-domain knowledge recombination and
technological synergy [45]. Moreover, a high transformation rate drives continuous organi-
zational learning to overcome cognitive, behavioral, and business model inertia [43]. This
process also fosters organizational agility—reflected in flexible structures, faster decision-
making, agile resource allocation, and a culture that embraces experimentation—thereby
enabling firms to better identify Al-driven radical innovation opportunities and rapidly
mobilize resources to explore and commercialize them in a dynamic competitive landscape.
Thus, these arguments lead to the following hypotheses:

H2a. The degree of digital foundation negatively moderates the relationship between Al adoption
and radical innovation.

H2b. The rate of digital foundation positively moderates the relationship between Al adoption and
radical innovation.

2.4. The Moderating Impact of Government Subsidy

In the process of Al-driven radical innovation, beyond the internal organizational
factors within firms, the external institutional environment also plays a profound role [17].
Based on the resource-based view, a firm’s innovation potential often remains untapped
when it faces shortages of strategic resources [19]. Government subsidies can directly
relieve resource constraints for radical innovation by bolstering a firm'’s internal resource
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pool through financial support [20]. Moreover, government subsidies serve as a policy
“endorsement”, assisting firms in building a stronger sense of resource security and strate-
gic patience, thereby encouraging the bold mobilization and reallocation of high-value
resources. Simultaneously, government subsidies play an important signaling role, enhanc-
ing a firm’s ability to secure external strategic resources [46]. As a form of institutional
recognition, a government subsidy is a valuable intangible asset—reputational capital.
This reputational capital sends positive signals about the firm’s potential to the market,
significantly improving its access to scarce resources (e.g., top Al talent, venture capital,
strategic partners) from the talent market, capital markets, and collaborative networks. The
inflow and integration of these resources further expand the firm’s resource boundaries,
ultimately unlocking its potential for radical innovation. Thus, these arguments lead to the
following hypothesis:

H3. Government subsidy positively moderates the relationship between Al adoption and radical
innovation.

3. Research Design
3.1. Data and Sample

This study focuses on listed companies in China’s Shanghai and Shenzhen A-share
markets, covering the sample period from 2007 to 2023. The choice of 2007 as the starting
point is based on the following considerations: in 2006, Hinton et al. [47] proposed deep
belief networks, which significantly advanced the research and application of deep neural
networks and marked the rise of modern deep learning. Since then, Al has entered a new
stage of rapid development. In addition, according to the 2019 China Artificial Intelligence
Industry Market Outlook Report, China began to gradually establish and improve its
statistical system for Al-related fields starting in 2007 [11]. For example, the classification of
Al-related patents started to become standardized during this period. Therefore, 2007 was
chosen as the starting point of this study to better capture the developmental stages of AL
The annual reports of listed firms used in this study were obtained from Juchao Information
Network. Firm-level basic information and financial data were sourced from the China
Stock Market & Accounting Research (CSMAR) database. Patent data was obtained from
the China National Intellectual Property Administration (NIPA) and the Chinese Research
Data Service Platform (CNRDS).

To ensure data quality, the following procedures were applied: (1) Firms in the financial
industry were excluded, as their unique accounting standards, regulatory environments,
and business models differ substantially from those of non-financial firms. Including
such firms would introduce considerable heterogeneity and statistical noise, potentially
biasing the results. Therefore, this exclusion ensures the comparability and homogeneity
of the sample; (2) Firms designated as ST or *ST in a given year were excluded, as they
are subject to special treatment by Chinese stock exchanges due to financial distress or
abnormal operations. Their innovation activities are often driven by survival concerns
rather than strategic objectives, which may distort behavioral patterns and obscure the
relationships under investigation. Thus, this step aims to eliminate extreme outliers and
enhance the validity of our empirical findings; (3) Observations with substantial missing
data were removed.

3.2. Variable Measurement
3.2.1. Independent Variable

The independent variable in this study is firms’ Al adoption, which refers to a firm’s
systematic use of Al technologies as a production tool or strategic resource in its opera-
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tions, innovation, and decision-making. Given that annual reports are statutory public
documents subject to rigorous review by regulatory authorities, their content reflects firms’
strategic priorities, willingness to commit resources, and capability building. Previous
studies have also confirmed that Al-related disclosures in annual reports can serve as an
effective proxy for firms’ level of Al adoption, especially in data-constrained emerging
market contexts [25,48]. We therefore adopt a text analysis approach to construct the key
measure of Al adoption. Following the method of Yao et al. [48], we extract Al-related
keywords from listed firms’ annual reports using an Al lexicon containing 73 terms (see
Appendix A Table A1l). The degree of Al adoption is ultimately measured as the natural
logarithm of one plus the total number of extracted keywords.

To validate the validity of using the frequency of Al-related terms in annual reports
as a proxy for corporate Al adoption, we employed two approaches: First, we examined
the correlations among different indicators of Al adoption. We constructed three proxy
variables to measure corporate Al adoption: the frequency of Al-related terms in annual
reports (Al), the number of Al-related patents (Al_patent), and the investment in Al-related
assets (Al_asset). These three indicators capture Al adoption from textual disclosures,
asset-level data, and patent data, respectively. Theoretically, if these indicators validly
capture “Al adoption,” they should exhibit significant positive correlations with each other.
To test this, we conducted Pearson correlation analyses, as shown in Appendix B Table A3.
The results indicate that the correlation coefficients between Al and Al_patent and between
Al and Al asset are 0.391 and 0.363, respectively, both significantly positive at the 1% level.
This suggests that the three measurement approaches capture corporate Al adoption to
a certain extent while also offering distinct informational dimensions. Therefore, these
correlation results provide solid empirical support for using the text-based Al indicator as
the core explanatory variable in our main model.

Second, following the validation logic proposed by Yao et al. [48], the adoption of
Al technologies in firms is typically accompanied by investments in Al-related assets and
the generation of technological innovation outputs. Theoretically, if Al-related textual
disclosures in annual reports reflect genuine strategic intent—rather than merely symbolic
signals or superficial narratives—they should significantly predict actual corporate behav-
iors in Al-related asset investments and innovation outcomes. To test this, we employed
multivariate regression models to examine whether the text-based Al indicator remains
a significant predictor of firms’ substantive actions in the Al domain after controlling for
other factors. Specifically, we constructed two models: one using the number of Al-related
patent applications (Al_patent) as the dependent variable, and the other using the invest-
ment in Al-related assets (Al_asset) as the dependent variable. The regression results, as
shown in Appendix B Table A4, strongly support our hypothesis: in both models, the Al
coefficient is positive and highly significant, confirming that the text-based Al indicator
captures not only firms’ strategic focus but also their actual resource investments and
innovation outcomes. Therefore, we argue that the Al proxy derived from annual reports is
an effective and reliable measure of firms’ actual level of Al adoption.

3.2.2. Dependent Variable

The dependent variable in this study is radical innovation, measured as the natural
logarithm of one plus the number of radical innovation patents. Following Gao et al. [19],
Grashof and Kopka [3], and Guan and Liu [49], we define radical innovation based on the
concept of recombinant innovation, identifying it through novel combinations of technolo-
gies in patents. Specifically, we use the first four digits of the IPC codes assigned to each
patent to represent its technological components. We extract all four-digit IPC code combi-
nations from patents filed by focal firms each year and compare them with combinations
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from the previous five years (T-5 to T-1). If a combination does not appear in this five-year
window, it is considered novel, and the corresponding patent is classified as a radical
innovation. In addition, to avoid measurement overlap between Al adoption and radical
innovation, we remove all Al-related patents from the initial pool of radical innovation
patents. These patents are identified using the official “Artificial Intelligence Technology
Patent Classification Table” from the Patent Classification System for Key Digital Technolo-
gies (2023), issued by the China National Intellectual Property Administration. Specifically,
we exclude patents whose primary IPC subclass—the first four digits of the IPC code—is
explicitly classified as Al technology. This approach mitigates endogeneity concerns stem-
ming from construct contamination, thereby improving construct validity and enabling
more rigorous causal inference regarding the impact of Al adoption on radical innovation.

3.2.3. Moderating Variables

This study examines moderating variables from both organizational and environmen-
tal levels. Organizational-level moderating variables pertain to a firm’s digital foundation,
comprising two dimensions: degree (DF_D) and rate (DF_R). At the environmental level,
the moderating variable is government subsidies (Sub).

The measurement of the digital foundation draws upon the research of Zhao
et al. [50]. Leveraging their constructed lexicon of 63 foundational digital keywords (see
Appendix A Table A2), we applied text analysis to quantify the frequency of these key-
words in the annual reports of listed companies. We then took the natural logarithm of this
frequency plus one as the indicator for measuring the degree of digital foundation (DF_D).
Based on this, we define the rate of digital foundation (DF_R) as the year-over-year growth
rate in DF_D.

Following the approach of Wengi et al. [51], government subsidy is measured as the
ratio of the total innovation-related subsidy a firm receives during the period to its total
assets. To achieve this, we manually extract and filter data on innovation-related subsidies
from the “details of government subsidies” section under “non-operating income” in the
notes to financial statements within the annual reports of listed firms.

3.2.4. Control Variables

This study controls for several firm-level variables that may influence corporate radical
innovation, specifically including: firm size (Size), measured as the natural logarithm of
total assets; firm age (Age), measured as the natural logarithm of the number of years
since its establishment; return on assets (ROA), measured by the ratio of net profit to total
assets; leverage (Lev), measured by the ratio of total liabilities to total assets; cash flow ratio
(Cash), calculated as the net cash flow from operating activities divided by total assets;
R&D intensity (RDI), measured as the ratio of R&D expenditure to operating revenue; and
whether the chairperson is also CEO (Dual), which equals 1 if the chairperson also serves
as the CEO and 0 otherwise.

3.3. Empirical Model

This study employs a fixed effects model based on panel data of Chinese listed com-
panies to examine the impact of Al adoption on radical innovation of firms. The baseline
regression model is presented in Equation (1):

Rl = ag + a1 ALy + 06X + A+ e + €54 @)

The subscripts i and ¢ represent firm and year, respectively. Al denotes the adoption of
Al technology, and RI refers to radical innovation. X stands for control variables. A; and p;
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are industry fixed effects and year fixed effects, respectively. ¢; is the random disturbance
term, and standard errors are clustered at the firm level.

Building upon the baseline regression model (Equation (1)), an interaction term model
(Equation (2)) is further constructed to test for moderating effects. The moderating vari-
ables, Mod, are represented by the degree of digital foundation (DF_D), the rate of digital
foundation (DF_R), and government subsidies (Sub), respectively. The definitions and
calculation methods for other variables remain unchanged.

Rl = Bo + B1Als + BaMod;y + B3 Al x Modjy + 6 X + A + pr + &4 ()

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

We used STATA 18.0 to process and analyze the sample data, and the descriptive
statistics are presented in Table 1. The results show that for several variables (such as Al, RI,
Sub, DF_D, and DF_R), the mean values are higher than the median values, indicating that
these variables are right-skewed. For variables like Al RI, DF_R, and Sub, the standard
deviations exceed the means, suggesting significant heterogeneity among the sample firms.
The variance inflation factors (VIFs) for all variables are below 3, with an average VIF of
1.44, suggesting that there is no serious multicollinearity problem among the variables.

Table 1. Descriptive statistics.

® (2) 3) 4) (5) (6)
Variables N Mean sd Min p50 Max

Al 22,292 1.0026 1.2513 0.0000 0.6931 4.5218
RI 22,291 0.8648 0.8767 0.0000 0.6931 3.2189
Sub 21,684 0.4552 0.5767 0.0000 0.3094 15.3822
DF_D 22,292 2.7137 1.2941 0.0000 2.6391 6.8416
DF_R 21,038 0.0667 0.2814 —0.4057 0.0079 1.0000
Size 22,292 22.5542 1.2875 19.6885 22.3856 26.3951
Lev 22,292 0.4505 0.1976 0.0703 0.4458 0.9371
ROA 22,292 0.0243 0.0728 —0.3127 0.0288 0.1934
Age 22,292 3.0468 0.2667 2.3026 3.0445 3.6376
Cash 22,292 0.0485 0.0661 —0.1779 0.0459 0.2489
Dual 22,292 0.2508 0.4335 0.0000 0.0000 1.0000
RDI 22,292 4.5495 4.7267 0.0200 3.5100 27.7000

4.2. Baseline Regression

Table 2 presents the estimation results of Equation (1). Column (1) shows the regression
outcomes controlling for industry and year fixed effects, without including firm-level
control variables. The coefficient of Alis 0.0859 and is statistically significant at the 1% level,
providing preliminary evidence that Al adoption positively influences the level of corporate
radical innovation. In Column (2), a set of firm-level control variables is incorporated. The
coefficient of Al remains positive and significant at the 1% level (0.0600), indicating that
even after controlling for various firm characteristics, Al adoption continues to significantly
enhance corporate radical innovation, thereby supporting Hypothesis 1 (H1).
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Table 2. Baseline regression results.

@ 2
Variables RI RI
Al 0.0859 *** 0.0600 ***
(0.0092) (0.0078)
Size 0.2525 ***
(0.0082)
Lev 0.2048 ***
(0.0520)
ROA 0.5089 ***
(0.1066)
Age —0.0397
(0.0385)
Cash —0.5458 ***
(0.1093)
RDI 0.0115 ***
(0.0022)
Dual —0.0444 **
(0.0173)
_cons 0.7787 *** —4.8882 ***
(0.0137) (0.2122)
Industry FE Yes YES
Year FE Yes YES
N 22291 22291
Adjusted R? 0.0690 0.1993

Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05.

4.3. Moderating Effect Analysis

Columns (1) and (2) of Table 3 examine the moderating effects of the enterprise’s
digital foundation. The results show that the interaction term between Al and the degree
of digital foundation (DF_D), denoted as Al x DF_D, has a coefficient of —0.0307, which is
significantly negative at the 1% level (p < 0.01). This indicates that a higher degree of digital
foundation may actually weaken the positive impact of Al on firms’ radical innovation,
supporting Hypothesis 2a (H2a). Column (2) of Table 3 presents the moderating effect of
the rate of digital foundation (DF_R). The interaction term Al X DF_R has a coefficient
of 0.0402 and is significantly positive at the 10% level (p < 0.1). This suggests that the
faster a firm develops its digital foundation, the stronger the positive effect of Al on radical
innovation, thereby confirming Hypothesis 2b (H2b). Column (3) of Table 3 shows that the
coefficient of Al x Sub is 0.0260, which is significantly positive at the 5% level. This result
indicates that government subsidies play a positive moderating role in the relationship
between Al and radical innovation, providing support for Hypothesis 3 (H3).

Table 3. Moderating effect results.

1) 2) (3)
Variables RI RI RI
Al 0.1859 *** 0.0571 *** 0.0475 ***
(0.0209) (0.0079) (0.0098)
DF_D 0.0043
(0.0097)
Al x DF_D —0.0307 ***

(0.0051)




Systems 2025, 13, 702 12 of 26
Table 3. Cont.
@ 2 3)
Variables RI RI RI
DF_R —0.0167
(0.0215)
Al x DF_R 0.0402 *
(0.0237)
Sub 0.0402 **
(0.0165)
Al xSub 0.0260 **
(0.0125)
Size 0.2536 *** 0.2517 *** 0.2588 ***
(0.0082) (0.0083) (0.0083)
Lev 0.2020 *** 0.2286 *** 0.1891 ***
(0.0515) (0.0530) (0.0531)
ROA 0.5062 *** 0.5130 *** 0.4710 ***
(0.1062) (0.1067) (0.1096)
Age —0.0331 —0.0357 —0.0234
(0.0382) (0.0387) (0.0387)
Cash —0.5593 *** —0.5087 *** —0.6120 ***
(0.1088) (0.1107) (0.1116)
RDI 0.0114 *** 0.0117 *** 0.0098 ***
(0.0022) (0.0022) (0.0022)
Dual —0.0429 ** —0.0478 *** —0.0364 **
(0.0172) (0.0176) (0.0175)
_cons —4.9504 *** —4.8941 *** —5.0781 ***
(0.2113) (0.2140) (0.2124)
Industry FE Yes Yes YES
Year FE Yes Yes YES
N 22,291 21,037 21,683
Adjusted R? 0.2019 0.2042 0.2019

Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.

4.4. Endogeneity Checks
4.4.1. Instrumental Variable Regression

We use the average Al level of other firms within the same industry and year as the
instrumental variable (denoted as IV1), capturing the peer effects of Al development across
firms. The advancement of Al often exhibits industry-level peer influence, with firms
tending to align their Al adoption with that of their industry counterparts. Importantly,
although this peer firm Al level may reflect broader industry technology dynamics, we
argue that it does not directly affect a given firm’s radical innovation activities. Radical
innovation, by nature, is characterized by the recombination of previously unrelated
knowledge, rather than incremental improvements along existing technological trajectories.
In contrast, industry-level knowledge spillovers tend to promote incremental innovation
through diffusion and imitation of prevailing technologies, and they are thus less likely
to serve as a direct driver of radical breakthroughs. In summary, while peer firm Al
adoption may shape the overall technological environment, its direct impact on firm-level
radical innovation is limited, supporting the exclusion restriction assumption. Table 4
presents the two-stage least squares (2SLS) estimation results using the instrument. The
first-stage regression in Column (1) shows that IV is statistically significant at the 1% level
in explaining Al, confirming the instrument’s relevance. Moreover, the Kleibergen—Paap
rk LM test is significant at the 1% level, and the Kleibergen-Paap Wald rk F statistic
exceeds the 10% critical value of the Stock-Yogo weak identification test, indicating that the
instrument does not suffer from under-identification or weak correlation issues. Column (4)
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presents the second-stage regression results, which show that after controlling for potential
endogeneity, the effect of a firm’s Al level on radical innovation remains significantly
positive and reaches statistical significance at the 1% level, further validating the important

role of Al in promoting corporate radical innovation.

Table 4. IV-2SLS estimation results.

ey () 3) )
Variables Al RI Al RI
Al 0.4842 *** 0.5175 ***
(0.0366) (0.1317)
V1 0.8172 ***
(0.0448)
Iv2 0.0203 ***
(0.0037)
Size 0.0708 *** 0.2220 *** 0.0804 *** 0.2195 ***
(0.0139) (0.0102) (0.0143) (0.0140)
Lev —0.0003 0.1122 % 0.1890 ** 0.1044
(0.0874) (0.0628) (0.0899) (0.0679)
ROA 0.3734 ** 0.3212 ** 0.3961 ** 0.3071 **
(0.1721) (0.1289) (0.1777) (0.1410)
Age —0.0797 0.0148 —0.1272* 0.0196
(0.0730) (0.0494) (0.0751) (0.0524)
Cash —0.3934 ** —0.2094*  —0.8383 *** —0.1819
(0.1579) (0.1266) (0.1649) (0.1667)
RDI 0.0529 ***  —0.0167 ***  0.0660 *** —0.0190 **
(0.0046) (0.0036) (0.0050) (0.0092)
Dual 0.1462 ***  —0.1066 ***  0.1387 ***  —0.1115 ***
(0.0326) (0.0225) (0.0337) (0.0291)
Kleibergen—Paap rk LM 255.09 *** 29.51 ***
Kleibergen-Paap Wald rk F 332.20 29.75
Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 22,287 22,287 22,291 22,291

Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.

To further address potential endogeneity concerns and strengthen the causal identifi-
cation strategy, we additionally introduce an external instrumental variable—namely, the
length of optical cable lines at the city level (IV2). The construction and deployment of
digital infrastructure, such as optical cable networks, are typically coordinated by local
governments and major telecommunications providers, guided by long-term regional de-
velopment plans rather than by the innovation activities of individual firms. As such, this
variable is plausibly exogenous to a given firm’s radical innovation. At the same time, more
extensive optical cable infrastructure significantly facilitates the diffusion and application of
Al technologies by improving digital connectivity and reducing adoption costs. This makes
the variable strongly correlated with a firm’s level of Al adoption. Therefore, this external
instrument satisfies both the relevance and exclusion restriction conditions. Column (3)
of Table 4 reports the first-stage regression results, showing that city-level cable length
is strongly correlated with firm-level Al adoption, with the coefficient being statistically
significant at the 1% level. Furthermore, the Kleibergen—Paap rk Wald F statistic exceeds the
10% critical value of the Stock—Yogo weak identification test, confirming that the instrument
is not weak and satisfies the relevance condition. Column (4) of Table 4 also presents the
second-stage results, showing that after controlling for potential endogeneity, Al adoption
remains positively and significantly associated with radical innovation at the 1% level.
These results collectively support the robustness and validity of our core findings.
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4.4.2. Heckman’s Two-Step Method

The adoption of Al may not be random, but rather influenced by factors such as
industry characteristics, data infrastructure, and external policy shocks. This selection
process could lead to self-selection bias. Furthermore, the research sample consists of
companies listed on the Shanghai and Shenzhen A-share markets, excluding some small-
and medium-sized enterprises (SMEs) in China. Consequently, the sample may not fully
represent the overall population, potentially causing sample selection bias. Therefore, this
paper uses the Heckman two-stage model to address this issue. In the first stage (Columns
1 and 3 of Table 5), we use a probit model with a dummy variable for radical innovation
(RI_dummy) to calculate the inverse Mills ratios, IMR1 and IMR2. In the second stage
(Columns 2 and 4), IMR1 and IMR?2 are incorporated into their respective regression models
to mitigate sample selection bias. The coefficients for both IMR1 (0.9736) and IMR2 (1.1741)
are positive and significant at the 1% level, confirming the presence of sample selection
bias and justifying the use of the Heckman model. After correcting for this bias, the
regression coefficient for Al remains significantly positive at the 1% level in both Column
(2) (coefficient = 0.0496) and Column (4) (coefficient = 0.0547). This result indicates that the
study’s conclusions remain robust after controlling for sample selection bias.

Table 5. Heckman'’s two-step method results.

) (2) (3) @)
Variables RI_dummy RI RI_dummy RI
Al 0.0350 *** 0.0496 *** —0.0033 0.0547 ***
(0.0089) (0.0098) (0.0079) (0.0078)
V1 —0.1344 *** 0.2916 ***
(0.0160) (0.0347)
Iv2 0.0139 *** 0.0187 ***
(0.0020) (0.0033)
IMR1 0.9736 ***
(0.2702)
IMR2 1.1741 ***
(0.2935)
Size 0.2794 *** 0.3998 *** 0.2899 *** 0.4392 ***
(0.0087) (0.0425) (0.0087) (0.0482)
Lev 0.3427 *** 0.3213 *** 0.3057 *** 0.4171 ***
(0.0561) (0.0764) (0.0561) (0.0759)
ROA 1.2227 *** 1.2696 *** 1.2104 *** 1.4148 ***
(0.1458) (0.2411) (0.1454) (0.2569)
Age —0.1366 *** —0.0918 ** —0.1287 *** —0.1192 ***
(0.0379) (0.0414) (0.0379) (0.0430)
Cash —0.6171 *** —0.7452 *** —0.6010 *** —0.9836 ***
(0.1474) (0.1447) (0.1472) (0.1488)
RDI 0.0236 *** 0.0207 *** 0.0187 *** 0.0242 ***
(0.0022) (0.0045) (0.0021) (0.0041)
Dual —0.0793 *** —0.0867 *** —0.0822 *** —0.1054 ***
(0.0204) (0.0211) (0.0204) (0.0227)
_cons —6.1445 *** —9.0581 *** —6.3970 *** —9.8576 ***
(0.4472) (1.1082) (0.4478) (1.2730)
Industry FE No Yes No Yes
Year FE Yes Yes Yes Yes
N 22,287 22,287 22,291 22,291
Adjusted R? 0.218 0.203

Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05.
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4.4.3. Lagged Regression

To address potential reverse causality and account for the delayed effects of Al adop-
tion on corporate radical innovation, we introduce one-year, two-year, and three-year lags
for all independent and control variables [52]. As shown in Table 6, the coefficient of our
main explanatory variable, Al, remains significantly positive at the 1% level across all three
models: one-year lag (coefficient = 0.0590, p < 0.01), two-year lag (coefficient = 0.0587,
p <0.01), and three-year lag (coefficient = 0.0501, p < 0.01). Importantly, the sustained
positive effect holds even when we re-run the analysis with alternative proxies for both
Al adoption and radical innovation (results omitted for brevity). This suggests that the
positive effect of Al on radical innovation is persistent over time and that our main findings

are robust.

Table 6. Lagged regression results.

D (2) 3)
Variables RI RI RI
One-Year Lag Two-Year Lag Three-Year Lag
L_AI 0.0590 *** 0.0587 *** 0.0501 ***
(0.0083) (0.0092) (0.0100)
L_Size 0.2448 *** 0.2399 *** 0.2333 ***
(0.0088) (0.0097) (0.0105)
L_Lev 0.1835 *** 0.1588 ** 0.1623 **
(0.0566) (0.0621) (0.0677)
L_ROA 0.7270 *** 0.5953 *** 0.5566 ***
(0.1176) (0.1283) (0.1421)
L_Age —0.0314 —0.0213 —0.0252
(0.0405) (0.0429) (0.0454)
L_Cash —0.4639 *** —0.3443 ** —0.3028 **
(0.1178) (0.1353) (0.1498)
L_RDI 0.0100 *** 0.0093 *** 0.0096 ***
(0.0024) (0.0026) (0.0028)
L_Dual —0.0444 ** —0.0591 *** —0.0791 ***
(0.0189) (0.0207) (0.0227)
_cons —4.7118 *** —4.5899 *** —4.3952 ***
(0.2279) (0.2493) (0.2697)
Industry FE Yes Yes Yes
Year FE Yes Yes Yes
N 18790 15687 13185
Adjusted R? 0.194 0.186 0.177

Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05.

4.5. Robustness Checks
4.5.1. Change the Measurement of the Independent Variable

To mitigate estimation bias arising from reliance on a single measurement indicator,
this study adopts two alternative proxies for Al adoption: Al-related patents and Al-
related assets [8]. The identification of Al-related patents is based on classification codes,
following the Patent Classification System for Key Digital Technologies (2023) issued by
the China National Intellectual Property Administration. Specifically, we use the “Artificial
Intelligence Technology Patent Classification Table” from this document to identify patents
whose primary classification codes align with the defined Al criteria. The proxy variable
Al_patent is constructed as the logarithm of one plus the total number of such patents. For
Al-related assets, we extract relevant information from the notes to the financial statements
of listed firms. Using keyword filtering, we identify intangible and fixed assets explicitly
related to artificial intelligence. The second proxy variable, Al_asset, is then calculated
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as the ratio of Al-related assets to total assets. The regression results are presented in
Columns (1) and (2) of Table 7. The coefficient for the patent-based proxy Al patent is
significantly positive at the 1% level, and the coefficient for the asset-based proxy Al_asset
is also significantly positive at the 5% level. These results demonstrate that our main
findings remain robust when using alternative measures for Al adoption.

Table 7. Robustness test results.

1) 2) 3 @) (5)
Variables RI RI RI_new RI RI
Al 0.0461 *** 0.0576 *** 0.0603 ***
(0.0074) (0.0080) (0.0078)
Al_patent 0.1144 ***
(0.0090)
Al_asset 2.3488 **
(1.0968)
Size 0.2319 *** 0.2492 *** 0.0733 *** 0.2564 *** 0.2515 ***
(0.0085) (0.0087) (0.0094) (0.0084) (0.0082)
Lev 0.1899 *** 0.2325 *** —0.0040 0.2072 *** 0.2036 ***
(0.0510) (0.0559) (0.0307) (0.0521) (0.0528)
ROA 0.4304 *** 0.5922 *** 0.1406 0.4973 *** 0.4958 ***
(0.1040) (0.1125) (0.0878) (0.1078) (0.1087)
Age —0.0326 —0.0407 0.0339 —0.0273 —0.0373
(0.0384) (0.0404) (0.0227) (0.0387) (0.0385)
Cash —0.5939 ***  —0.6467 *** 0.0789 —0.5630 ***  —0.5687 ***
(0.1080) (0.1177) (0.0811) (0.1120) (0.1115)
RDI 0.0076 *** 0.0139 *** 0.0067 *** 0.0117 *** 0.0105 ***
(0.0021) (0.0023) (0.0017) (0.0022) (0.0022)
Dual —0.0394 ** —0.0369 ** 0.0063 —0.0501 *** —0.0417 **
(0.0173) (0.0183) (0.0111) (0.0174) (0.0174)
_cons —4.4152***  —47897**  —1.7663 ***  —50111**  —4.8777 ***
(0.2186) (0.2260) (0.2216) (0.2141) (0.2121)
Industry FE YES YES YES YES YES
Year FE YES YES YES YES YES
Province FE NO NO NO YES NO
Province—
Year FE NO NO NO YES NO
Industry-
Year FE NO NO NO YES NO
N 22291 19,822 11,713 22,241 20,323
Adjusted R? 0.210 0.1891 0.1403 0.2074 0.2035

Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05.

4.5.2. Change the Measurement of the Dependent Variable

Previous studies have shown that patents receiving a high number of forward citations
typically exhibit greater technological impact and higher radicalness [5,38]. Following the
approach of Hesse and Fornahl [5], this study identifies high-impact radical innovations
through the following steps. First, we calculate the number of forward citations each
patent receives within five years of its application date, excluding self-citations. Then,
for each application year, we identify the top 1% most-cited patents as representative of
“high-impact innovations” for that year. We then calculate the logarithm of one plus the
total number of high-impact patents attributed to each firm and use this as a proxy for
radical innovation, labeled RI_new. The results, reported in Column (3) of Table 7, show
that the positive effect of Al on RI_new remains statistically significant at the 1% level,
consistent with the benchmark regression.
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4.5.3. Control for High-Dimensional Fixed Effects

To address the potential interference of unobservable industry-specific factors that vary
over time on our baseline estimation results, we further control for industry-year interactive
fixed effects. Additionally, province-level factors, such as economic development, specific
policies, and the maturity of digital infrastructure, could also influence the relationship
between corporate Al adoption and radical innovation. Therefore, we further control
for province fixed effects and province—year interactive fixed effects in the model. The
estimation results, presented in Column (4) of Table 7, show that the coefficients of Al on
firm radical innovation remain significantly positive at the 1% level, thus indicating the
robustness of our benchmark findings.

4.5.4. Narrow Study Period

The year 2013 marked a significant turning point in Al development, as breakthroughs
in deep learning unveiled Al's immense potential across various domains. Subsequently,
nations worldwide, particularly developed countries, increasingly recognized the trans-
formative impact Al could have on society and the economy, consequently elevating Al
development to a strategic priority. Accordingly, we restrict our sample period to 2014-2023,
and the regression results, shown in Column (5) of Table 7, remain robust.

5. Heterogeneity Analysis

To explore whether the timing and pace of Al adoption impact radical innovation,
this paper further investigates the issues of “early versus late” and “fast versus slow” in
Al adoption.

5.1. Timing of Al Adoption: Early and Late

Firms face strategic considerations between being early adopters or late adopters of Al
technologies. Early adopters may gain a competitive advantage by leading in technology,
accumulating experience, and shaping industry standards. However, they also bear risks
such as technological uncertainty and high trial-and-error costs. In contrast, late adopters
can learn from the experiences of early movers, avoid technological pitfalls, and catch up
with more mature and lower-cost Al solutions, but they may also face the risk of widening
gaps due to a weak technological foundation and missed market opportunities.

To examine the impact of Al adoption timing, this study follows the approach of Zhang
et al. [53] and uses 2017 as the cutoff year to classify firms into early adopters (those that
adopted Al before 2017) and late adopters (those that adopted Al in 2017 or later). The year
2017 was chosen because the State Council of China issued the “New Generation Artificial
Intelligence Development Plan”, elevating Al to a national strategic level. The group
regression results, presented in Columns (1) and (2) of Table 8, show that Al adoption
significantly promotes radical innovation for both early adopters (coefficient = 0.0242,
p < 0.05) and late adopters (coefficient = 0.0691, p < 0.01). A comparison of the coefficients
reveals that the effect of Al on radical innovation is greater for late adopters (0.0691) than for
early adopters (0.0242). To assess the statistical significance of this difference, we conducted
an inter-group coefficient difference test. The results show that this difference is statistically
highly significant (p-value = 0.000). Therefore, the marginal effect of Al adoption on radical
innovation is more pronounced among late adopters, suggesting that Al offers these firms
an opportunity to catch up with early adopters through radical innovation.



Systems 2025, 13, 702

18 of 26
Table 8. Heterogeneity analysis results.
) (2) (3) @)
Variables RI RI RI RI
Early Late Fast Slow
Al 0.0242 ** 0.0691 *** 0.0361 ** 0.1049 ***
(0.0119) (0.0103) (0.0179) (0.0277)
Size 0.2522 *** 0.2512 *** 0.2708 *** 0.2375 ***
(0.0136) (0.0104) (0.0181) (0.0180)
Lev 0.3080 *** 0.1408 ** 0.1467 0.2993 ***
(0.0846) (0.0643) (0.1164) (0.1120)
ROA 0.7279 *** 0.2964 ** 0.4392 ** 0.5949 ***
(0.1708) (0.1349) (0.2066) (0.2269)
Age —0.0777 —0.0152 0.0092 —0.0871
(0.0633) (0.0479) (0.0842) (0.0844)
Cash —0.6487 *** —0.4527 *** —0.8640 *** —0.6714 ***
(0.1832) (0.1342) (0.2351) (0.2302)
RDI 0.0104 *** 0.0125 *** 0.0006 0.0271 ***
(0.0033) (0.0030) (0.0031) (0.0074)
Dual —0.0286 —0.0569 *** 0.0327 —0.0514
(0.0301) (0.0207) (0.0354) (0.0370)
_cons —4.7404 *** —4.9203 *** —5.4249 *** —4.4780 ***
(0.3545) (0.2721) (0.4119) (0.4747)
Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 8446 13,845 4376 5353
Adjusted R? 0.2266 0.1844 0.2665 0.1684

Inter-group coefficient difference test for Al

Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05.

p-value = 0.000 ***

5.2. Pace of Al Adoption: Fast and Slow

The “fast or slow” pace of Al adoption is another crucial dimension of a company’s
Al adoption strategy. Firms that adopt Al rapidly are more likely to quickly integrate
the technology into operations, thereby strengthening innovation advantages. However,
they may also face risks such as organizational disruption or business interruptions due to
immature technologies or system incompatibilities. In contrast, firms that adopt Al more
slowly may achieve deeper integration between technology and business, forming a stable
advantage, but they may also miss market opportunities.

To investigate the impact of the pace of Al adoption, this study draws on the approach
of Vermeulen and Barkema [54], who measured the speed of firm internationalization by
the average annual number of foreign subsidiaries, and applies a similar logic to construct
a measure for Al adoption pace.

Specifically, the measure is calculated by dividing the natural logarithm of one plus
the cumulative Al keyword frequency by the cumulative years of Al adoption. The
cumulative Al keyword frequency is the total count of Al-related keywords found in a
company’s annual reports, starting from the year the firm first mentioned an Al keyword
up to the current observation year. The cumulative years of Al adoption refers to the
number of years that have passed from the firm’s first mention of an Al keyword up to
the current observation year. Based on the 25th and 75th percentiles of this measure, firms
are classified into two groups: the “slow adoption group” (below the 25th percentile) and
the “fast adoption group” (above the 75th percentile). Grouped regression analyses are
then conducted accordingly. As shown in Columns (3) and (4) of Table 8, Al adoption
significantly promotes radical innovation in both the fast adoption group (Column 3,
coefficient = 0.0361, p < 0.05) and the slow adoption group (Column (4), coefficient = 0.1049,
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p < 0.01). Notably, the effect is more pronounced in the slow adoption group. A test for the
difference in coefficients between the two groups confirms that this difference is statistically
significant (p < 0.01). This finding suggests that, compared with a fast adoption approach, a
slow adoption strategy may offer firms more time and favorable conditions to achieve deep
integration between Al technologies and business operations, thereby more effectively
translating Al investment into radical innovation outcomes. Overall, the evidence from
heterogeneous analyses indicates substantial potential for Al to drive radical innovation,
especially for late adopters and slow adopters.

6. Discussion and Implications

This study investigates the relationship between Al and radical innovation by explor-
ing the moderating roles of the degree and rate of digital foundation and government
subsidy. Through rigorous empirical testing of research hypotheses, we provide valuable
theoretical and practical implications.

6.1. Theoretical Implications

The research findings make several theoretical contributions. First, this study reveals
the synergistic effects between Al and digital foundation from the perspective of techno-
logical synergy, thereby identifying crucial organizational-level contingency factors for
Al-enabled radical innovation. Previous research on technological impacts has largely
focused on the independent role of a single type of technology, with less attention paid
to the interaction and integration among multiple technologies [3,55]. However, in the
context of Al being deeply embedded in firms’ digital ecosystems, Al’s innovative potential
often arises from the synergistic interaction of multiple technologies [36,37]. That is, the
effectiveness of Al-driven radical innovation is profoundly influenced by firms’ existing
digital foundation. To systematically characterize the digital foundation, this study dif-
ferentiates and measures it across two key dimensions: extent and rate. By investigating
their moderating effects in the process of Al-enabled radical innovation, this study enriches
the literature on the interaction between Al and firms’ digital foundation and extends
theoretical research on radical innovation in the context of technology integration.

Second, this study enriches the research on the external contextual effects in the
relationship between Al and radical innovation by investigating the moderating role of
government subsidy. While government subsidy is widely acknowledged as a key policy
tool for promoting technological innovation, the existing literature rarely addresses its role
in Al-driven innovation [19,20]. Our findings demonstrate that government subsidy, as both
a vital external financial support and a strong policy signal, positively moderates the effect
of Al on firm radical innovation. This result highlights the importance of governmental
support in shaping the realization of Al-driven radical innovation potential, offering new
empirical evidence for understanding how the macro-institutional environment influences
Al-driven radical innovation.

Third, this study transcends the traditional perspective that treats Al adoption as a
static, monolithic phenomenon, thereby deepening our understanding of its underlying
complexity. Recognizing that Al adoption is an ongoing and dynamic process, this study
focuses on how this dynamism contributes to differences in radical innovation performance,
rather than attributing such differences solely to static changes. While prior research has
acknowledged Al’s overall contribution to firm performance and innovation outcomes,
it often overlooks the inherent complexity of the AI adoption process itself [16,56]. In
particular, limited attention has been paid to how dynamic adoption characteristics—such
as timing and pace—affect radical innovation. Grounded in the resource-based view, our
study not only examines the overall impact of Al on radical innovation but also investigates
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the heterogeneous effects of adoption timing (early vs. late) and pace (fast vs. slow). This
nuanced insight reveals distinct patterns in how Al adoption paths shape firms’ radical
innovation outcomes.

6.2. Practical Implications

Our research findings offer several insights for managers seeking to achieve radical
innovation success in the intelligent age.

First, the research findings indicate that the effective adoption of Al is a crucial pre-
requisite for successful radical innovation. For example, Huawei’s “Pangu” Al platform
demonstrates how embedding Al into the core innovation strategy—aligned closely with
the firm’s overall development and innovation objectives—can lead to breakthrough results
in complex domains such as semiconductor design. In contrast, GE’s “Predix” case shows
that even substantial Al investments may fail if technological integration and strategic syn-
ergy are lacking. Therefore, managers should focus on three key areas to strengthen their
ability to leverage Al for radical innovation: One, integrate Al into the radical innovation
strategy. Managers should view Al as a strategic asset driving business transformation
and radical innovation, ensuring that the Al strategy is highly synergistic with the firm’s
overall development strategy and innovation strategy. Two, build a unique combination of
Al resources and capabilities. This involves investing in advanced Al technology platforms
and tools, strengthening cross-departmental data integration and technological collabora-
tion, and attracting and cultivating interdisciplinary talents equipped with Al knowledge.
Three, foster an agile and inclusive organizational environment. This necessitates pro-
moting agile organizational structural changes and cultivating an innovation culture that
encourages experimentation and tolerates failure, thereby creating a supportive ecosystem
for exploratory Al applications and the emergence of radical innovation.

Second, managers should pay close attention to the moderating roles of organizational
digital foundation and government subsidy in the relationship between Al adoption and
radical innovation. Our findings suggest that for firms with a highly mature digital
foundation, excessive reliance on existing systems can lead to path dependency, mirroring
the integration challenges faced in GE’s “Predix” project. Such firms should instead
maintain flexibility by regularly upgrading systems and encouraging cross-functional
learning. Given that a faster transformation rate often indicates higher organizational agility
and technological integration capabilities, managers should accelerate digital iteration
by continuously optimizing organizational processes and flexibly allocating resources,
thereby creating favorable conditions for the innovative application of Al technologies.
Meanwhile, managers should actively seek and secure government subsidies, viewing
them as an important means to alleviate resource constraints and attract high-quality
external resources.

Third, by analyzing the heterogeneity in the timing and pace of Al adoption, this
study provides valuable insights for managerial decision-making regarding Al adoption
strategies. In terms of timing, our results show a notable late mover advantage. For
instance, in emerging technology sectors such as new materials, late adopters can use
mature Al solutions to leapfrog early movers in radical innovation output. Managers in
such firms should actively deploy Al to capitalize on this catch-up potential. Early adopters,
on the other hand, must guard against technological lock-in by continuously renewing
Al infrastructure, investing in complementary capabilities, and fostering organizational
adaptability. Regarding adoption pace, the evidence supports the notion that “slow and
steady wins the race”: slower adopters benefit from extended integration time, allowing
deeper technology—organization alignment and knowledge accumulation. Fast adopters
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must ensure that rapid deployment is coupled with rigorous integration quality checks,
robust talent development, and systematic knowledge management.

Fourth, the findings of this study offer crucial insights for government departments
in formulating policies that support Al-driven radical innovation. Firstly, subsidy mech-
anisms should be optimized. Policy instruments should prioritize projects addressing
critical Al technologies or pursuing high-risk, high-potential radical innovations, such
as those seen in frontier drug discovery or advanced semiconductor design. Secondly,
the science and technology innovation ecosystem should be continuously optimized. The
government should persistently strengthen the construction of new digital infrastructure,
build innovation platforms that integrate industry, academia, research, and application, and
enhance intellectual property protection. Thirdly, differentiated support strategies should
be formulated. For late-adopting enterprises, specialized subsidies and talent training
should be implemented to encourage them to leverage Al for innovative breakthroughs.
For early-adopting enterprises, relevant incentive mechanisms should be improved to
guide them in breaking existing path dependencies and boldly pursuing radical innovation
attempts. For fast Al adopters, policies should guide them to prioritize integration quality
and avoid the potential pitfalls of rushing implementation. For slow-adopting enterprises,
support should be provided to solidify their technological and organizational foundations,
thereby creating conditions for the continuous emergence of radical innovations.

6.3. Limitations and Future Research

This study has several limitations that warrant further exploration and extension in
future research. First, the construction of Al adoption and digital foundation indicators in
this study primarily relies on textual analysis of annual reports from listed firms. Although
this method is widely adopted in the existing literature, annual report information inher-
ently possesses a certain selective disclosure tendency [3]. Future research could introduce
other proxy variables, such as job posting information, announcements of technology pro-
curement and collaboration, and field survey data, to enhance the accuracy and objectivity
of measurement. Second, this study uses patent data to measure radical innovation. While
patents are a crucial indicator of technological innovation, they may fall short in capturing
non-technological dimensions of radical innovation, such as business model innovation and
service innovation [5,19]. Future research could combine methods like text mining-based
content analysis to build a more comprehensive radical innovation measurement. Third, the
sample of this study is limited to Chinese firms, which may constrain the generalizability of
the findings. Future studies could expand the sample to include firms from more countries,
especially developed economies with a higher degree of digital transformation, to examine
the cross-national applicability and robustness of the findings. Finally, this study mainly
examines the boundary conditions of the Al-radical innovation relationship but does not
explore the potential mediating mechanisms. Future research could further investigate the
mediating pathways through which Al enables radical innovation, thus advancing our
understanding of how Al can be transformed into radical innovation outcomes.

6.4. Conclusions

The main findings are as follows: (1) Al adoption significantly promotes radical
innovation. This conclusion remains robust even after accounting for potential endogeneity
and conducting a series of robustness checks; (2) In firms with a higher degree of digital
foundation, the marginal benefits of Al in driving radical innovation are diminished,
possibly due to path dependence, organizational inertia, and high coordination costs. In
contrast, the rate of digital foundation positively moderates this relationship, indicating
that a rapid digitalization process enhances firms’ technological integration capabilities
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and organizational agility, thereby amplifying Al’s potential to drive radical innovation;
(3) As an external environmental factor, government subsidies positively moderate the
relationship between Al adoption and radical innovation; and (4) Heterogeneity analysis
further reveals the heterogeneous effects of differentiated characteristics of Al adoption
on radical innovation. The results show that Al adoption has a more pronounced effect
on radical innovation in late mover firms compared with early adopters, highlighting Al’s
potential in enabling catch-up and leapfrogging in innovation. Furthermore, this study
finds that firms adopting Al at a slower pace are more effective in driving radical innovation
development. This suggests that the relatively ample time allows enterprises to conduct
deeper technological integration and more comprehensive knowledge accumulation, which
is particularly crucial for achieving radical innovation. In summary, while emphasizing Al
technology as a core driver of radical innovation, this study also deeply reveals how firms’
own digital foundation and the external policy environment jointly shape the ultimate
effectiveness of Al-driven innovation. These findings not only enrich radical innovation
theory in the context of the digital intelligence era but also provide valuable insights for
enterprises on how to strategically deploy Al to gain a sustainable competitive advantage.
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Appendix A. AI and Digital Foundation Dictionary

Table Al. Al dictionary.

Al Dictionary
1 Artificial Intelligence 26 Al Chip 50 Human-Machine Collaboration
2 Computer Vision 27 Deep Learning 51 Smart Agriculture
3 Image Recognition 28 Feature Recognition 52 Smart Speaker
4 Knowledge Graph 29 Smart Insurance 53 Convolutior}%ﬁs)lral Network
Intelligent Education 30 Smart Retail 54 Question Answering System
Augmented Reality 31 Smart Healthcare 55 Reinforcement Learning
7 Smart Government 32 Intelligent Transportation 56 Big Data Analytics
8 Feature Extraction 33 Smart Home 57 Natural Lart?\?ﬁc’;)e Processing
9 Business Intelligence 34  Recurrent Neural Network (RNN) 58 Big Data Management
10 Smart Elderly Care 35 Big Data Risk Management 59 Intelligent Computing
11 Support Vector Machine (SVM) 36 Robotic Process Automation 60 Language Interaction

(RPA)

12 Knowledge Representation 37 Wearable Products 61 Machine Learning
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Table Al. Cont.

Al Dictionary

13 Pattern Recognition 38 Big Data Platform 62 Biometric Recognition
14 Internet of Things (IoT) 39 Augmented Intelligence 63 Speech Recognition
15 Human-Machine Dialogue 40 Big Data Operations 64 Intelligent Supervision
16 Al Products 41 Edge Computing 65 Robo-Advisor

17 Human—Cor?ggtsr Interaction 42 Cloud Computing 66 Intelligent Speech

18 Data Mining 43 Deep Neural Network (DNN) 67 Voiceprint Recognition
19 Smart Banking 44 Machine Translation 68 Face Recognition
20 Intelligent Customer Service 45 Neural Network 69 Intelligent Agent

21 Virtual Reality (VR) 46 Speech Synthesis 70 Big Data Processing
22 Autonomous Driving 47 Big Data Marketing 71 Distributed Computing
23 Unmanned Driving 48 Long Sho(r]’i-ST;;/r[r)l Memory 72 Smart Sensor

24 Smart Finance 49 Intelligent Chip 73 Smart Environmental Protection
25 Intelligent Search

Table A2. Digital foundation dictionary.
Digital Foundation Dictionary

1 Data Management 22 Internet of Things (IoT) 43 5G

2 Data Mining 23 Mobile Internet 44 Online to Offline

3 Data Network 24 Industrial Internet 45 Online and Offline

4 Data Platform 25 Connected Industry 46 020

5 Data Center 26 Internet Solutions 47 B2B

6 Data Science 27 Internet Technology 48 c2C

7 Digital Control 28 Internet Thinking 49 B2C

8 Digital Technology 29 Internet Action 50 C2B

9 Digital Communication 30 Internet Business 51 Information Sharing
10 Digital Network 31 Internet Mobile 52 Information Management
11 Digital Intelligence 32 Internet Application 53 Information Integration
12 Digital Terminal 33 Internet Marketing 54 Information Software
13 Digital Marketing 34 Internet Strategy 55 Information System
14 Digitalization 35 Internet Platform 56 Information Network
15 Big Data 36 Internet Model 57 Information Terminal
16 Cloud Computing 37 Internet Business Model 58 Information Center
17 Cloud IT 38 Internet Ecosystem 59 Informatization

18 Cloud Ecosystem 39 E-commerce 60 Networking

19 Cloud Services 40 Online retail 61 Industrial Communication
20 Cloud Platform 41 Internet 62 Industrial Information
21 Blockchain 42 Internet Plus 63 Virtual Reality
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Appendix B. Construct Validity Test of AI Adoption

Table A3. Pearson correlation test.

VARIABLES Al Al invest Al_patent
Al 1.000
Al_invest 0.363 *** 1.000
Al_patent 0.391 = 0.233 *** 1.000

Note(s): *** p < 0.01.

Table A4. Regression results for the Al indicators.

1 (2)
Variables Al _invest Al_patent
Al 0.0014 *** 0.2832 ***
(0.0002) (0.0196)
Size 0.0000 0.1970 ***
(0.0001) (0.0220)
Lev 0.0010 0.1835 **
(0.0008) (0.0802)
ROA —0.0060 *** 0.7921 ***
(0.0018) (0.1762)
Age 0.0007 —0.0943
(0.0006) (0.0649)
Cash 0.0068 *** 0.2270
(0.0016) (0.1695)
RDI 0.0003 *** 0.0493 ***
(0.0000) (0.0047)
Dual —0.0004 * —0.0094
(0.0002) (0.0305)
_cons —0.0009 —4.2825 ***
(0.0032) (0.5247)
Industry FE Yes Yes
Year FE Yes Yes
N 19,823 22,292
Adjusted R? 0.2218 0.2619
Note(s): Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.
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