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Highlights

Please indicate how your work links to systems science via your contributions to systems 
practice, theory, and/or methodology.
• By integrating the knowledge-based view and upper echelons theory, this study ex-

plains radical innovation as the outcome of interactions among strategic orientation, 
organizational knowledge processes, and CEO characteristics.

What are the main findings and/or the implications of the main findings?
• AI orientation can promote firms’ radical innovation.
• Knowledge search and knowledge recombination creation constitute the mechanism 

through which AI orientation drives firms’ radical innovation.

Abstract

Artificial intelligence (AI) is crucial for driving radical innovation, which is key for firms to 
gain and maintain long-term competitive advantage. However, relatively little is known 
about how radical innovation is shaped by strategic direction regarding AI, and the perspec-
tive from when this innovation takes place. Drawing on the knowledge-based view and the 
upper echelons theory, this study delves into how and when AI orientation impacts radical 
innovation. Based on data from 510 Chinese manufacturing listed firms over the period 
2013–2023, our study demonstrates a significant positive effect of AI orientation on radical 
innovation, and provides evidence consistent with positive indirect associations through 
knowledge search and knowledge recombination creation. Our findings also provide evi-
dence that CEO openness may strengthen the positive relationships of AI orientation with 
radical innovation and knowledge search. Further, our findings make contributions to strate-
gic orientation and technological innovation literature, and offer implications for practice 
in AI-innovation research by stressing the influence of knowledge and CEO personality in 
radical innovation domains.

Keywords: AI orientation; radical innovation; knowledge search; knowledge recombination 
creation; CEO openness

1. Introduction
The ongoing wave of technological transformation, especially the rise in disruptive 

technology represented by AI technologies, creates huge opportunities for firms, but also 
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builds a new competitive landscape full of uncertainties and challenges [1]. For example, 
consumers are no longer satisfied with standardized products and services [2]. They expect 
highly customized services based on analysis of their personal data [3]. The prevailing 
mass-production paradigm fails to address these new demands; firms require inventive 
approaches to product design, to marketing, and to service delivery [4]. Otherwise, they 
will face the risk of elimination [5]. In the AI era, new challenges emerge one after another. 
But radical innovation could equip firms with the strategic agility to respond to the con-
tinuously changing market environment, securing a decisive edge over competitors [6]. 
Radical innovation refers to the innovation activities in which a firm introduces and utilizes 
knowledge or technology that is substantially different from its existing technological knowl-
edge base, significantly deviating from its original technological trajectory [7,8], thereby 
providing new products, new technologies, or new services that meet market demand. 
Consequently, fostering radical innovation constitutes an imperative for firms operating in 
an AI-permeated competitive landscape [9].

To date, the existing literature has shown that various factors’ impact on firms’ radical 
innovation, such as resource orchestration [10], knowledge sourcing strategy [11], transfor-
mational leadership [12], collaboration networks [13], human capital and AI adoption [14], 
AI-related knowledge [15], and subsidies in permissive and restrictive environments [16]. 
Although initial research studies firms’ use of AI and its effects on innovation (e.g., Shu 
& He, 2026) [14], radical innovation remains insufficiently theorized from a strategic AI 
orientation perspective [17]. AI orientation, as a strategic orientation, is defined as a firm’s 
overarching objectives, strategic direction, and action plans for adopting and deploying 
AI within the organization [18]. AI orientation goes beyond AI adoption and implemen-
tation, AI capability, and AI investment, all of which focus on leveraging AI for specific 
tasks [19] but lack a broader strategic vision of AI’s potential for radical innovation. Some 
scholars have noted that AI, being among the most rapidly advancing technological fields, 
is increasingly relevant to solving innovation-related issues, with a rising number of firms 
integrating it into their strategies [20]. Such AI-assisted digital twin technology can shorten 
the traditional testing process [21], which takes years and costs a lot, to a few weeks in 
areas such as new drug development [22] and complex equipment manufacturing [23], and 
thus significantly lower the barriers to radical innovation and mitigate the risks involved. 
For instance, Eicke et al. [24] emphasized that a stronger AI orientation enables firms to 
discover novel knowledge, thereby fostering the development of their technological innova-
tion capabilities. Meanwhile, Sun et al. (2025) [25] have provided firm-level evidence that 
AI-oriented firms tend to adopt AI applications and that the application of AI promotes 
breakthrough innovation via knowledge resources. Similarly, other studies have argued that 
firms can adopt AI as a transformative strategy [26], and thereby enhance their innovation 
capabilities [27–29]. Thus, it is essential for firms to unlock radical innovation through AI 
orientation from a strategic orientation perspective. Despite the growing importance of 
AI, limited attention has been paid to the impact of AI orientation on radical innovation. 
Accordingly, our first research question is formally posed: Does AI orientation influence 
radical innovation?

Similarly, although the influence of AI on firms’ innovation has been examined in 
the current literature [17,30], the mechanism through which AI orientation fuels radical 
innovation remains underexplained in the AI economy context. The knowledge-based 
view (KBV) regards firms as heterogeneous repositories of knowledge. Firms’ competitive 
advantage is rooted in the proficient orchestration and application of knowledge [31]. 
In our research, AI orientation establishes a strategic framework for firms to introduce 
and apply AI technologies [18]. AI orientation can not only foster innovation on its own, 
but also create value by enhancing the knowledge management activities of firms [32]. 
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Knowledge search determines the new knowledge elements that firms can access under 
AI-driven conditions [11]. Knowledge recombination, especially knowledge recombination 
creation, determines how firms leverage AI’s analytical and computational capabilities 
to create novel and valuable connections among discrete knowledge elements, thereby 
generating breakthrough technological solutions [33]. Therefore, from the perspective of 
the KBV, it is theoretically sound to posit knowledge search and knowledge recombination 
creation as mediating mechanisms linking AI orientation to radical innovation. However, 
there are relatively few in-depth discussions on how AI orientation can achieve radical 
innovation through knowledge search and knowledge recombination creation. Therefore, 
our focus is to examine whether knowledge search and knowledge recombination creation 
are statistically consistent with the proposed mediating pathways linking AI orientation 
and radical innovation. Our second research question is: Through what specific indirect 
pathways are knowledge search and knowledge recombination creation associated with the 
relationship between AI orientation and radical innovation?

Nevertheless, the drivers that determine when AI orientation effectively promotes rad-
ical innovation are underexplored, pointing to a need for a contingent perspective in the AI 
business context [34]. Drawing on the upper echelons theory (UET), a CEO’s personal traits 
substantially determine a firm’s adoption and use of AI across innovation processes [35], 
encompassing their motives, cognition, emotions, and personality [36]. CEO openness is a 
personality trait. It is manifested in a strong curiosity and a willingness to accept new ideas. 
CEOs with this trait tend to advocate innovation and value learning [37]. Some research 
has also shown that CEO openness plays a critical role within firms’ strategy formulation, 
and variations in such openness can lead to divergent strategic choices across firms [38,39]. 
In this context, it is suggested that AI orientation’s influence on radical innovation varies 
with the degree of CEO openness. To investigate this postulated moderating role, we put 
forward this study’s third question: How does CEO openness moderate the relationship 
between AI orientation and radical innovation?

To address these research questions, we base our work on the KBV and UET to con-
struct an integrative theoretical framework of how and when AI orientation affects radical 
innovation. Through an investigation that incorporates knowledge search and knowledge 
recombination creation, this research identifies indirect statistical pathways consistent with 
the proposed relationship between AI orientation and radical innovation. Additionally, we 
analyze the moderating role of CEO openness in this context. We collect data from 510 
Chinese publicly listed manufacturing firms to empirically test our hypotheses. We chose 
this sample data for three reasons: First, China has positioned the deep consolidation of AI 
and manufacturing as its national industrial policy (such as “Made in China 2025”), creating 
a strong policy environment for AI orientation in manufacturing firms. This provides pow-
erful external incentives for firms to develop a clear AI orientation. Second, the listed firms’ 
relevant data is publicly available and standardized. Third, the Chinese manufacturing 
industry is experiencing a critical transformation period, with numerous firms actively 
exploring the advantages of AI technologies. Finally, our sample includes 4844 firm-year 
observations from 2013 to 2023, a period marked by a rapid expansion of AI technologies.

This research makes three key contributions to existing literature. First, it advances 
established innovation theories by developing an integrated framework that links AI ori-
entation, knowledge search, knowledge recombination creation, and radical innovation. 
Existing literature has not fully explored how AI orientation affects radical innovation 
through specific mediation mechanisms, and this study provides preliminary statistical 
evidence and provides new perspectives for related research. This study also provides 
actionable guidance to support firms in successfully implementing AI orientation and maxi-
mizing its strategic value. Second, this study identifies statistically significant indirect effects 
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involving knowledge search and knowledge recombination creation in the relationship 
between AI orientation and firms’ radical innovation. Finally, CEO openness is combined 
as a moderating variable to analyze the interaction between AI orientation and radical 
innovation, as well as AI orientation and knowledge search. The results suggest that CEO 
openness could positively moderate the AI orientation–radical innovation relationship and 
the AI orientation–knowledge search relationship.

The subsequent sections of the study are arranged as follows: Section 2 outlines the the-
oretical framework and develops the research hypotheses. Section 3 details the data sources, 
variable measures, and empirical methodology. Section 4 reports the empirical findings and 
discusses their implications. Section 5 summarizes the study’s contributions, limitations, 
and possible avenues for subsequent studies. Finally, Section 6 delivers the conclusion.

2. Theory and Hypotheses
2.1. Theoretical Foundation

The KBV posits that knowledge is a firm’s most critical strategic resource. A firm’s 
core competency stems primarily from the value, rarity, inimitability, and organizational 
embeddedness of its knowledge [40,41]. A firm’s production process transforms inputs into 
outputs. The KBV defines knowledge as the core source for production and the primary 
basis of value creation. Thus, the acquisition and utilization of knowledge are of paramount 
importance to a firm [42]. Against the backdrop of AI-enabled industrial transformation, AI 
orientation has emerged as a response. It represents the systematic emphasis and commit-
ment to AI technology that firms demonstrate at the strategic level [18]. AI as a disruptive 
technology greatly improves the efficiency of knowledge acquisition, sharing, and innova-
tion [43,44]. The development of AI technologies (e.g., Large Language Model, Generative 
AI) helps firms break down external knowledge barriers. Improved knowledge exchange 
and integration accelerate knowledge diffusion and foster new knowledge creation [45]. 
Firms’ radical innovation hinges heavily on new and substantial knowledge. Given the 
constraints of internal resource scarcity and the prohibitive risk of isolated innovation 
efforts [46], sourcing external knowledge is critical for driving radical innovation [47]. 
However, the mere inflow of external knowledge does not directly result in radical in-
novation; such innovation typically arises from the recombination of knowledge [48,49]. 
Consequently, firms ought to establish internal mechanisms to synthesize newly acquired 
and existing knowledge, enabling their creative recombination to achieve breakthrough 
transformation [50]. Although the KBV provides a theoretical basis for considering knowl-
edge search and knowledge recombination creation as indirect pathways, it undertheorizes 
the strategic decision-makers who select, interpret, and legitimize knowledge. Compared 
with a single theory, the multi-theoretical model could examine the phenomenon more 
comprehensively [51]. UET complements the KBV by explaining who activates knowledge-
based processes, and extends it by specifying CEO openness as a boundary condition at 
particular stages of knowledge search [52]. Therefore, the KBV requires a complementary 
executive-level perspective to theorize the associations among executive characteristics, 
knowledge-based processes, and radical innovation.

The KBV emphasizes the major role of managers during the process of converting 
knowledge resources into innovation [53]. However, it does not fully explain how CEO 
personality traits condition this conversion. UET complements the KBV by suggesting that 
firms’ strategic choices and resource allocation decisions are influenced by CEO personality 
traits [54,55]. CEO openness, as a personality trait and as one of the attributes of the upper 
echelons, reflects the CEO’s high creativity, acceptance of uncertainty, and willingness to 
explore possibilities [56]. Higher CEO openness may increase highly AI-oriented firms’ 
willingness to engage in extensive search for new opportunities and novel information, and 
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helps them solve various problems caused by the adoption of an AI strategy. Particularly for 
radical innovation with high risk and high investment [57,58], CEO openness is also needed 
in addition to pursuing an AI orientation. Therefore, CEO openness may act as a positive 
condition on the effects of AI orientation on radical innovation and knowledge search.

Accordingly, founded on the KBV and UET, we construct the conceptual model (shown 
in Figure 1), under which we examine how and when AI orientation affects radical innova-
tion and how CEO openness moderates these effects.

Knowledge search

AI orientation Radical innovation

CEO openness

H1

H2a

H2b: Mediation

H5a H5b

H3: Mediation
Knowledge 

recombination 
creation

H4: Chain mediation

Figure 1. Conceptual model. H2b represents the indirect effect of AI orientation on radical innovation 
through knowledge search, whereas H3 represents the indirect effect of AI orientation on radical 
innovation through knowledge recombination creation.

2.2. AI Orientation and Radical Innovation
AI orientation is a form of strategic orientation [18], which reflects a firm’s business 

philosophy and is a difficult-to-imitate capability that a firm possesses, which can provide a 
sustainable competitive advantage for the firm [59,60]. The rapid progress of AI technology 
is making its crucial role in firms clearly visible [61]. Given the complexities of deploying 
AI, firms should cultivate an AI orientation to guide how they introduce and apply AI 
technologies rationally and effectively [18], thereby fostering new technology development. 
Some studies have suggested that AI orientation is a key enabler of organizational activities, 
especially in shaping firms’ innovation and resource utilizing [24,62].

As KBV proposed, knowledge constitutes a critical resource that enables a firm’s in-
novation [41]. Furthermore, the knowledge resources embedded within a firm can be 
leveraged through the firm’s strategy to generate core competitive advantages. AI orien-
tation represents a strategic posture that embodies a firm’s overarching goals, strategic 
direction, and action plans regarding how AI is adopted and deployed internally [18]. Im-
plementing an AI strategy allows firms to pursue opportunities enabled by AI technologies 
and, by obtaining, allocating, and utilizing knowledge resources, to create new technologies 
and establish technological trajectories [24,30]. Radical innovation, being a higher-order 
innovation type, draws more heavily on tacit knowledge and scarce resources, which may 
lie far beyond a firm’s existing knowledge base [53]. In this context, AI orientation acts as 
a key strategic orientation that may reshape how firms foster an environment conducive 
to technological breakthroughs and new product development. In addition, AI-oriented 
firms are more likely to apply AI technologies (e.g., machine learning and natural language 
processing) to reduce the cost and risk associated with exploring unproven ideas [63] and 
to optimize the allocation of existing knowledge resources. Such knowledge facilitates the 
emergence of new ideas and strengthens firms’ capacity to advance radical innovation more 
effectively. Hence, we propose the following hypothesis:

H1.  AI orientation is positively associated with radical innovation.
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2.3. AI Orientation and Knowledge Search
Knowledge search refers to the organizational activities through which firms identify 

and acquire new knowledge from external sources [64]. The KBV regards knowledge as 
the firm’s most strategically important resource and suggests that organizational capabil-
ities arise from integrating and applying the knowledge [41]. Because a firm’s existing 
knowledge base may be insufficient for addressing emerging technological and market 
problems, it needs to search beyond familiar knowledge domains to acquire novel and 
complementary knowledge [65]. However, knowledge search requires managerial attention 
and resource commitment, particularly when the target knowledge is distant, complex, or 
tacit [66]. We believe that AI orientation can expand the knowledge domains that firms 
identify as strategically important and provide the resources needed to access knowledge 
in these domains [18].

First, AI orientation expands the scope of knowledge search by directing organizational 
attention toward the knowledge domains beyond the firm’s established knowledge base [67]. 
As firms prioritize AI-related opportunities, they become more aware of gaps between 
their existing knowledge and that required to achieve their strategic objectives. These 
gaps encourage firms to search beyond familiar technological domains and established 
knowledge sources, seeking complementary expertise from external organizations and 
partners [65]. Second, AI orientation supports sustained knowledge search by mobilizing 
resources [20]. Establishing AI as a strategic priority encourages firms to allocate specialized 
personnel and infrastructure related to AI to knowledge acquisition [24]. Such support 
enables repeated interactions with external partners and more intensive exploration of their 
knowledge [68]. Thus, we hypothesize:

H2a.  AI orientation is positively associated with knowledge search.

2.4. Mediating Effect of Knowledge Search
Knowledge search comprises the two dimensions of breadth and depth [69]. Search 

breadth increases firms’ exposure to heterogeneous knowledge by connecting them with 
a wider range of collaborative partners. Search depth, reflecting repeated collaboration 
with existing partners, enables firms to acquire knowledge from these partners more inten-
sively [68]. Through these two complementary dimensions, knowledge search expands the 
technological alternatives available to firms and provides the knowledge inputs required 
to explore solutions beyond their existing technological boundaries [11]. As a strategic 
orientation, AI orientation reflects a firm’s willingness to prioritize and leverage AI in iden-
tifying and developing new opportunities [18]. Such orientation may encourage firms to 
move beyond existing cognitive and knowledge boundaries and engage in broader searches 
for heterogeneous knowledge across technological domains. Through knowledge search, 
AI-oriented firms gain access to novel and complementary knowledge that reduces their 
reliance on familiar technological domains and enlarges the range of potential solutions 
available for emerging innovation problems [69]. Knowledge search therefore translates 
the strategic priorities and resource commitments associated with AI into novel and com-
plementary knowledge inputs. These knowledge inputs increase the likelihood that firms 
produce innovation outcomes that depart substantially from their established technological 
trajectories [58]. Accordingly, we posit the following hypothesis:

H2b.  Knowledge search mediates the relationship between AI orientation and radical innovation.
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2.5. Mediating Effect of Knowledge Recombination Creation
Knowledge recombination refers to the process of creating new combinations of knowl-

edge or refining and reconfiguring existing combinations to address new problems or 
develop new applications [50,70]. Knowledge recombination creation is a specific form of 
this process that generates combinations new to the focal firm by linking components it has 
not previously combined [71]. Thus, knowledge recombination encompasses both the reuse 
of known combinations and the creation of new ones, whereas knowledge recombination 
creation specifically requires novelty in the combinations [72].

Compared with conventional innovation, radical innovation depends more strongly 
on firms’ ability to establish novel connections among knowledge components and develop 
technological solutions beyond their existing knowledge structures [70]. As a strategic ori-
entation, AI orientation can help channel managerial attention and organizational resources 
toward AI-enabled innovation [73], which enables the knowledge distributed across organi-
zational and technological domains to be mobilized and recombined [74]. Within this strate-
gic framework, AI-based analytical capabilities help firms process complex knowledge and 
identify potential relationships between previously unconnected knowledge elements [75]. 
Taken together, these strategic and analytical conditions may improve firms’ capacity to 
create knowledge combinations that are new to their existing knowledge bases [71]. By 
altering established relationships among knowledge components, these novel combina-
tions may generate new technological functions and problem-solving approaches that are 
more likely to depart from firms’ established technological trajectories [50]. Knowledge 
recombination creation thus translates the strategic priorities and resource commitments 
associated with AI into radical innovation. Based on the above reasoning, we propose the 
following hypothesis:

H3.  Knowledge recombination creation mediates the relationship between AI orientation and
radical innovation.

2.6. The Chain-Mediating Role of Knowledge Search and Knowledge Recombination Creation
The KBV considers that a firm’s combinations of knowledge elements and the knowl-

edge domains of these elements constitute the firm’s knowledge base [76]. Innovation is 
fundamentally characterized by the new synthesis of knowledge elements in the knowl-
edge base [77]. But where does the knowledge that firms use for innovation come from? 
Knowledge search is a prerequisite for knowledge recombination, providing the necessary 
input for knowledge recombination [78]. Effective knowledge search allows firms to gather 
diverse knowledge, thus providing a necessary foundation for recombination [79]. The 
subsequent phase of integrating these disparate knowledge elements is critical for rad-
ical innovation [50]. Breakthroughs often stem from the novel synthesis of knowledge, 
necessitating fundamental changes in technology, products, or services [80]. Knowledge re-
combination creation integrates knowledge across domains to produce new knowledge com-
binations [78]. Through this process, firms can avoid falling into the “capability trap” [81], 
step out of the original technological comfort zone, and create new technology, products, 
and services. As AI technologies continue to mature and diffuse, DL technology can process 
and analyze large-scale data, which helps firms identify and recombine their knowledge 
assets more efficiently [17]. Successful knowledge recombination creation can enable firms 
to gain a differentiated advantage in competition and drive radical innovation [82]. In light 
of these insights, we posit the following hypothesis:

H4.  Knowledge search and knowledge recombination creation play chain-mediating roles in the 
relationship between AI orientation and radical innovation.
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2.7. Moderating Effects of CEO Openness
2.7.1. CEO Openness, AI Orientation, and Radical Innovation

CEO openness is a key personality trait of a CEO, which reflects the CEO’s high 
creativity, acceptance of uncertainty, and willingness to explore possibilities [83]. UET 
suggests that executives’ personal traits affect firms’ strategic choices [84] and organizational 
performance [85,86]. As the firm’s top executive, the CEO plays a central role in shaping 
strategic direction and strongly influences key organizational choices [37]. CEOs with 
high openness are more receptive to novel ideas and more willing to support strategic 
initiatives that challenge established organizational and technological practices [87]. When 
a firm has established an AI orientation, CEOs with high openness may be more willing 
to translate this strategic commitment into exploratory action by allocating resources to 
uncertain AI-related opportunities [88]. Their receptiveness to novelty and tolerance of 
uncertainty enable the firm to pursue technological solutions beyond its existing knowledge 
base and technological trajectory, thereby strengthening the positive relationship between AI 
orientation and radical innovation. In contrast, CEOs with low openness prioritize stability 
and conformity to established practices and tend to resist major strategic shifts [89]. Even 
when the firm has established an AI orientation, CEOs with low openness may be reluctant 
to commit resources to uncertain and unconventional innovation initiatives, limiting the 
translation of that orientation into radical innovation [90]. Consequently, the positive effect 
of AI orientation on radical innovation is likely to be weaker when CEO openness is low. 
Synthesizing the foregoing discussion, we posit the following hypothesis:

H5a.  CEO openness positively moderates the relationship between AI orientation and radical innovation.

2.7.2. CEO Openness, AI Orientation, and Knowledge Search
The CEOs with high openness may be more inclusive of knowledge sources. They 

actively build partnerships with external organizations, academic institutions, and other 
firms to broaden channels for knowledge search [38]. With the establishment of AI ori-
entation, a CEO with high openness may be more inclined to utilize AI technologies for 
market and technology trend analysis [35], thus augmenting the depth and effectiveness of 
firms’ knowledge search. In contrast, a CEO with low openness may be skeptical of external 
knowledge and collaboration [91]. Even if the firm has established an AI orientation, the 
knowledge search process remains hindered because the CEO is unwilling to fully embrace 
and implement action plans [87]. This may lead to the omission of important information 
and innovation resources in the knowledge search process and limit the firm’s access to 
new knowledge. Hence, we advance the following hypothesis:

H5b.  CEO openness positively moderates the relationship between AI orientation and knowl-
edge search.

3. Data and Methods
3.1. Data and Sample Selection

Our sample for testing the hypotheses consists of publicly traded A-share manufactur-
ing firms from both the Shanghai and Shenzhen stock exchanges from 2013 to 2023. The 
study’s sample is restricted to publicly traded firms due to the accessibility of their financial 
and operational data, which are subject to mandatory disclosure regulations, in contrast to 
the opaque information environment of private firms. Consistent with prior literature, we 
removed all firms under Special Treatment (denoted by the ST or *ST prefix) from our sam-
ple to mitigate the influence of those experiencing financial distress [92]. We collected data 
from various datasets. First, we used patent data to gauge firms’ innovation because it cap-
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tures the output of innovation activities [93]. Patent data served as the empirical proxy for 
radical innovation, which was accessed through the Chinese Innovation Research Database 
(CIRD), a specialized database within the Chinese Research Data Services Platform (CN-
RDS). CIRD provides comprehensive patent information for listed firms in China. Second, 
AI orientation information was obtained from the annual reports issued by manufacturing 
firms listed in China. Third, we collected knowledge search and knowledge recombination 
creation information from CCERDATA, which has the detailed patent classification number 
information that we need. Fourth, CEO openness and control variable information were 
obtained from the China Stock Market & Accounting Research (CSMAR) database. The 
databases mentioned above have gained wide adoption and scholarly recognition in the 
field of management research [18,94]. Following the removal of observations containing 
missing values, our sample finally consisted of 510 firms and 4844 firm-year observations.

3.2. Variables and Measures
3.2.1. Radical Innovation

Radical innovation is a multidimensional construct [95]. The indicator used in this 
study focused on the technological exploration dimension of radical innovation, specifically 
whether a firm has entered technological fields beyond its existing knowledge base. Follow-
ing Liang et al. [96], we measured radical innovation by identifying whether a firm enters a 
technological domain that was not represented in its recent patent. For each patent applied 
for by firm i in year t, we identified its technological domain using the first three characters 
of the patent’s International Patent Classification (IPC) code. We then constructed the firm’s 
technological portfolio based on all patents applied for during the preceding five years, 
from t − 5 to t − 1. A patent was classified as a radical innovation patent if its three-character 
IPC technological domain did not appear in the firm’s patent portfolio during the preced-
ing five-year period. This measure therefore captured a firm-level technological-domain 
departure. At the firm-year level, radical innovation is measured as the natural logarithm 
of one plus the number of radical innovation patents:

Radical Innovationi ,t  = ln (1 + Number of radical innovation patentsi ,t ).

3.2.2. AI Orientation
AI orientation represents an overarching strategic tendency that embodies a firm’s 

aspiration for the widespread infusion of AI technologies [18]. To measure AI orientation, 
we performed textual analysis in the annual reports of Chinese listed firms. First, we drew 
on the AI-orientation keyword categories introduced by Li et al. [18], together with the AI-
orientation dictionary developed by Eicke et al. [24] and Guan et al. [97], our study selected 
42 words as the seed word set for AI orientation, including machine learning, natural 
language processing, expert systems, computer vision, and others. Second, according to 
Choi and Park [98], we constructed AI orientation indicator word sets by expanding similar 
words through the Word Embedding neural network language model, which can represent 
words as multidimensional vectors based on contextual semantic information and obtained 
similar words by calculating the similarity of vectors. In this study, we took the words with a 
similarity exceeding 0.5 to each seed word as the results of the seed word set expansion [20]. 
Finally, we computed the ratio of 75 AI orientation-related words (See Appendix A for 
details) to the total meaningful word count in the annual reports, which served as our 
measure of AI orientation. Higher values of the index correspond to an elevated degree of 
AI orientation in the firm.
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3.2.3. Knowledge Search
According to Tian et al. [68], knowledge search is measured by patent collaboration 

data, encompassing knowledge search breadth and knowledge search depth. These two di-
mensions have gained broad scholarly acceptance for their capacity to effectively capture the 
core attributes of knowledge search [69,99]. Knowledge search breadth was operationalized 
as the count of distinct partners involved in joint patent applications over five years (t − 4 
to t). Correspondingly, knowledge search depth was evaluated by the average number 
of joint applications with these partners during the same five-year window. Finally, we 
followed Wong et al. [100] and used the interactive term of knowledge search breadth and 
knowledge search depth to operationalize knowledge search. Knowledge search breadth 
and knowledge search depth were mean-centered before obtaining their product to mitigate 
the potential of multicollinearity.

3.2.4. Knowledge Recombination Creation
Following Carnabuci and Operti [71] and Feng and Ding [101], we measured knowledge 

recombination creation by examining the novelty of combinations among knowledge elements. 
We used the first four characters of IPC codes to represent knowledge elements. For each 
patent applied for by firm i in year t, every pair of distinct four-character IPC elements co-
occurring in the same patent is treated as one knowledge combination. We then compared 
the combinations observed in the firm’s patents in year t with the combinations observed in 
the firm’s patent applications during the preceding five-year period, from t − 5 to t − 1. A 
knowledge combination is classified as newly created if the same pair of IPC elements had not 
previously co-occurred in any patent in the firm’s preceding five-year portfolio. The defining 
criterion is that the combination between the elements is new at the firm level.

At the firm-year level, knowledge recombination creation is measured as the proportion 
of newly created knowledge combinations among all knowledge combinations observed in 
the firm’s patents in year t:

Knowledge Recombination Creation𝑖,𝑡 =
Number of newly created IPC-element pairs𝑖,𝑡

Number of all IPC − element pairs𝑖,𝑡
.

3.2.5. CEO Openness
Following Datta et al. [83], we measured CEO openness using a composite index 

constructed from three demographic variables: age, organizational tenure, and educational 
attainment. (1) Age. As CEOs age, they often depend more heavily on the wisdom they 
have gathered over time [88], a tendency that can make them less open to novel ideas. 
(2) Organizational tenure. Long-tenured CEOs within a single firm are more prone to being 
confined by established work routines [102]. (3) Educational attainment. Better-educated 
CEOs typically exhibit wider cognitive scope and greater mental flexibility [103]. Accord-
ingly, they are more inclined to demonstrate openness and to question or resist established 
rules [104]. For each firm-year observation, the CEO’s age was calculated as the difference 
between the corresponding observation year and the CEO’s birth year. Organizational 
tenure refers to the total number of years a CEO has served at the firm up to the observa-
tion year. Specifically, organizational tenure was calculated as the difference between the 
observation year and the year the CEO joined the firm. Educational attainment was coded 
on an ordinal scale (1 = high school, 2 = some college, 3 = bachelor’s degree, 4 = some 
graduate education, 5 = doctoral degree). In accordance with the methodology of Datta 
et al. [83], age and organizational tenure—both theorized to correlate negatively with CEO 
openness—were reverse-coded by subtracting each value from the sample maximum. These 
adjusted measures, along with educational attainment, were subsequently standardized 
and aggregated to form a composite index measuring CEO openness. Therefore, CEO 
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openness was constructed at the annual level: age and organizational tenure were updated 
according to each observation year, while educational attainment remained unchanged in 
the absence of new information.

3.2.6. Control Variables
Guided by established literature [10,105], several factors pertinent to radical innovation 

were included as control variables in this study. These factors were mainly firm-level 
characteristics, incorporating firm age, firm size, return on assets (ROA), leverage, etc. Firm 
age was computed by applying the natural logarithm to the firm’s years of operation since 
its establishment. Firm size was constructed by applying a logarithmic transformation 
to total personnel numbers. ROA was calculated using the formula of net profit divided 
by total assets. Leverage was computed using the formula of total liabilities divided by 
total assets. The size of the top management team (TMT) was quantified by the natural 
logarithm of the personnel in TMT. We measured TobinQ using the ratio of market value to 
total assets. Finally, our model included firm and year fixed effects.

3.3. Model Construction
We tested the proposed hypotheses using fixed-effects regression models and cluster-

robust standard errors to account for unobserved firm characteristics that remain constant 
over time and unobserved factors that vary over time. In addition, to address potential 
endogeneity, especially reverse causality, we measured AI orientation at t, and radical 
innovation at t + 1. The purpose is to capture the delayed effects of AI orientation on 
radical innovation.

We constructed the following models to validate our hypotheses:

RI𝑖,𝑡+1 = 𝛼0 + 𝛼1AIO𝑖,𝑡 + ∑ 𝛼𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (1)

KS𝑖,𝑡+1 = 𝛽0 + 𝛽1AIO𝑖,𝑡 + ∑ 𝛽𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (2)

RI𝑖,𝑡+1 = 𝛾0 + 𝛾1AIO𝑖,𝑡 + 𝛾2KS𝑖,𝑡+1 + ∑ 𝛾𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (3)

KRC𝑖,𝑡+1 = 𝜑0 + 𝜑1AIO𝑖,𝑡 + ∑ 𝜑𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (4)

RI𝑖,𝑡+1 = 𝜔0 + 𝜔1AIO𝑖,𝑡 + 𝜔2KRC𝑖,𝑡+1 + ∑ 𝜔𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (5)

KRC𝑖,𝑡+1 = 𝜆0 + 𝜆1AIO𝑖,𝑡 + 𝜆2KS𝑖,𝑡+1 + ∑ 𝜆𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (6)

RI𝑖,𝑡+1 = 𝜃0 + 𝜃1AIO𝑖,𝑡 + 𝜃2KS𝑖,𝑡+1 + 𝜃3KRC𝑖,𝑡+1 + ∑ 𝜃𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (7)

RI𝑖,𝑡+1 = 𝜌0 + 𝜌1AIO𝑖,𝑡 + 𝜌2CEOopenness𝑖,𝑡 + 𝜌3AIO𝑖,𝑡 × CEOopenness𝑖,𝑡 + ∑ 𝜌𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (8)

KS𝑖,𝑡+1 = 𝜎0 + 𝜎1AIO𝑖,𝑡 + 𝜎2CEOopenness𝑖,𝑡 + 𝜎3AIO𝑖,𝑡 × CEOopenness𝑖,𝑡 + ∑ 𝜎𝑗 Controls𝑖,𝑡 + 𝜇 + 𝛿 + 𝜀𝑖,𝑡 (9)

where i represents firms, t indicates year, RI represents radical innovation, AIO is AI orientation, 
KS represents knowledge search, KRC represents knowledge recombination creation, CEO 
opennessi ,t  represents the CEO openness of firm i in year t, ∑ Controls includes some control 
variables, namely firm age, firm size, ROA, leverage, TMT size, and TobinQ, 𝜇 represents the 
firm fixed effects, 𝛿 represents year fixed effects, and 𝜀 is the random error term.

To examine the statistical significance of the indirect effects involving knowledge 
search and knowledge recombination creation, this study employed the bootstrap method 
for statistical inference. Since the indirect effect is the product of multiple path coefficients, 
its sampling distribution may deviate from a normal distribution [106], and traditional 
tests based on the normal distribution assumption may fail to accurately determine the 
significance of the indirect effect. The bootstrap method constructs an empirical sampling 
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distribution of the indirect effect by repeatedly sampling with replacement from the original 
sample, without requiring the indirect effect to follow a normal distribution [107]. Therefore, 
this study used Stata 18.0 to perform 5000 bootstrap resamples and reported bias-corrected 
95% confidence intervals. When the corresponding confidence interval does not include 0, 
the direct or indirect effect is considered statistically significant.

4. Empirical Results
4.1. Descriptive Statistics and Correlation Analysis

Table 1 summarizes the variables’ means, standard deviations, and relevance. An 
examination of Variance Inflation Factors (VIF) was performed to evaluate potential multi-
collinearity issues. Following the conventional threshold where a VIF below 5 indicates no 
severe multicollinearity, our results show that all VIF values fall within a range of 1.016 to 
1.787. Therefore, we rule out pronounced multicollinearity concerns in our model. Table 1 
also provides the correlation analysis, displaying the pairwise associations between vari-
ables using Pearson correlation coefficients, where significance levels (1%, 5%, 10%) are 
indicated using conventional asterisk notation.

4.2. The Main Effect of AI Orientation on Radical Innovation
Model 1 in Table 2 presents the estimation results of the benchmark regression ex-

amining the relationship between AI orientation and radical innovation. The estimated 
coefficient of AI orientation shows a highly significant positive association (β = 0.4838, 
p < 0.01). This result confirms that there is a positive association between AI orientation 
and radical innovation. Overall, AI orientation may have helped firms overcome resource 
constraints and provide incentives to promote radical innovation, supporting H1.

4.3. Mechanism Analysis
Given the empirical support for the main hypothesis, this study further examines the 

statistically indirect pathways associated with the relationship between AI orientation and rad-
ical innovation. H2b hypothesized knowledge search as the mechanism linking AI orientation 
to radical innovation. As reported in models 2 and 3 of Table 2, AI orientation exerts a positive 
influence on knowledge search, with this effect being statistically significant (β = 0.3447, 
p < 0.05). Furthermore, knowledge search is positively associated with radical innovation at a 
statistically significant level (β = 0.0604, p < 0.01), thereby providing evidence consistent with 
H2b. Similarly, the results are consistent with a statistically significant indirect effect involving 
knowledge recombination creation in the relationship between AI orientation and radical 
innovation, providing evidence consistent with H3. To assess whether the observed data 
are consistent with the proposed indirect effects through knowledge search and knowledge 
recombination creation, we used the Bootstrap method for testing. The results are shown 
in Table 3. The total indirect effect is 0.096, which is composed of 0.0166, 0.0752, and 0.0042. 
Meanwhile, the total effect is 0.4838. The indirect effect explains 19.84% of the total effect 
(0.096/0.4838). These results suggest that AI orientation affects radical innovation mainly 
through direct pathways. The knowledge recombination creation path has the largest estimate 
among the three indirect paths. A possible explanation is that knowledge recombination 
creation is more closely related to the formation process of radical innovation, as radical inno-
vation requires recombining heterogeneous knowledge, technologies, and experiences into 
new products, processes, or solutions [108]. The “knowledge search → knowledge recombi-
nation creation → radical innovation” theoretical chain path involves multiple consecutive 
links, so any insufficient transmission in one link may weaken the overall indirect effect. The 
statistical significance of the estimated indirect pathways is further indicated by the bootstrap 
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results in Table 3 (based on 5000 bias-corrected samples); the 95% confidence intervals for all 
three indirect paths exclude zero.

4.4. Moderating Effects Analysis
Table 4 displays the results examining CEO openness as a moderator. Model 1 provides 

the test results for the moderating role of CEO openness in the link between AI orientation 
and radical innovation. The interaction effect is positive and reaches statistical significance 
at the 10% level (β = 0.1002, p < 0.1), providing statistical support for H5a. Model 2 presents 
that CEO openness positively moderates the relationship between AI orientation and knowl-
edge search (β = 0.1467, p < 0.01), thereby establishing H5b. To illustrate the moderating 
role of CEO openness, we present graphical representations of its interaction effects with AI 
orientation on both radical innovation and knowledge search (Figures 2 and 3). When the 
CEO has higher openness, it may amplify the positive effects of AI orientation on radical 
innovation and knowledge search.

Figure 2. CEO openness moderating the AI orientation–radical innovation relationship.

Figure 3. CEO openness moderating the AI orientation–knowledge search relationship.
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Table 1. Descriptive statistics and correlation coefficients.

Variables Mean SD 1 2 3 4 5 6 7 8 9 10 11 VIF

1. Radical innovation 1.053 0.953 1.000

2. AI orientation 0.162 0.270 0.149 *** 1.000 1.034

3. Knowledge search 1.197 1.283 0.116 *** 0.047 *** 1.000 1.021

4. Knowledge 
recombination 

creation
0.496 0.341 0.314 *** 0.097 *** 0.043 *** 1.000 1.025

5. CEO openness −0.203 1.909 −0.019 −0.023 −0.002 −0.020 1.000 1.016

6. Firm age 2.922 0.300 0.247 *** 0.075 *** 0.050 *** 0.043 *** −0.042 *** 1.000 1.076

7. Firm size 8.159 1.090 0.342 *** −0.043 *** 0.160 *** 0.013 −0.009 0.223 *** 1.000 1.617

8. ROA 0.046 0.052 −0.032 ** −0.048 *** −0.001 −0.056 *** −0.088 *** −0.063 *** 0.067 *** 1.000 1.519

9. Leverage 0.412 0.179 0.276 *** 0.018 0.082 *** 0.078 *** 0.058 *** 0.184 *** 0.475 *** −0.412 *** 1.000 1.787

10. TMT size 1.843 0.349 0.098 *** −0.051 *** 0.011 0.021 −0.056 *** 0.014 0.254 *** 0.055 *** 0.141 *** 1.000 1.086

11. TobinQ 1.972 1.107 −0.106 *** 0.035 ** −0.026 * −0.021 −0.056 *** −0.139 *** −0.223 *** 0.381 *** −0.355 *** −0.052 *** 1.000 1.295

12. Mean VIF 1.248
Note: * p < 0.1, ** p < 0.05, *** p < 0.01, SD, Standard deviations.

Table 2. Multiple regression results.

Variables
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Radical 
Innovation

Knowledge 
Search

Radical 
Innovation

Knowledge 
Recombination Creation

Radical 
Innovation

Knowledge 
Recombination Creation

Radical 
Innovation

AI orientation 0.4838 *** 0.3447 ** 0.4630 *** 0.1010 ** 0.4040 *** 0.0956 ** 0.3878 ***
(0.1406) (0.1515) (0.1407) (0.0460) (0.1350) (0.0460) (0.1352)

Knowledge search 0.0604 *** 0.0157 ** 0.0480 **
(0.0214) (0.0064) (0.0202)
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Table 2. Cont.

Variables
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Radical 
Innovation

Knowledge 
Search

Radical 
Innovation

Knowledge 
Recombination Creation

Radical 
Innovation

Knowledge 
Recombination Creation

Radical 
Innovation

Knowledge 
recombination 

creation
0.7897 *** 0.7863 ***

(0.0446) (0.0445)
Firm age 0.3816 −0.7985 * 0.4299 0.0423 0.3482 0.0549 0.3867

(0.4235) (0.4473) (0.4207) (0.1810) (0.3802) (0.1804) (0.3787)
Firm size 0.1566 ** −0.0134 0.1574 ** −0.0223 0.1742 *** −0.0221 0.1748 ***

(0.0629) (0.0469) (0.0626) (0.0232) (0.0592) (0.0231) (0.0591)
ROA 1.2924 *** 0.3554 1.2710 *** −0.0651 1.3439 *** −0.0707 1.3265 ***

(0.4135) (0.3672) (0.4093) (0.1532) (0.3871) (0.1532) (0.3837)
Leverage 0.3478 * 0.1154 0.3408 −0.0215 0.3648 * −0.0233 0.3591 *

(0.2105) (0.1580) (0.2095) (0.0856) (0.1930) (0.0854) (0.1924)
TMT size −0.1052 0.0179 −0.1063 0.0264 −0.1261 * 0.0261 −0.1268 *

(0.0808) (0.0526) (0.0805) (0.0279) (0.0764) (0.0278) (0.0762)
TobinQ 0.0673 *** −0.0127 0.0680 *** 0.0076 0.0613 *** 0.0078 0.0619 ***

(0.0203) (0.0206) (0.0201) (0.0094) (0.0195) (0.0093) (0.0194)
Constant −1.4637 3.4094 *** −1.6696 0.5087 −1.8654 * 0.4551 −2.0274 *

(1.2189) (1.2139) (1.2131) (0.5248) (1.0983) (0.5243) (1.0957)
Observations 3962 3962 3962 3962 3962 3962 3962

R2 0.4575 0.7029 0.4588 0.3571 0.5061 0.3578 0.5070
Firm FE YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES

Note: Robust standard errors clustered at the firm level in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 3. Bootstrap test results.

Type of Effect Effect 
Value

Standard 
Error Boot 95% CI (BC) Percentage

Lower Upper

Direct effect 0.3878 0.1253 0.1383 0.6275 80.16%

AI orientation → Knowledge search → Radical innovation 0.0166 0.0093 0.0039 0.0469 3.43%

AI orientation → Knowledge recombination creation →
Radical innovation 0.0752 0.0359 0.0106 0.1532 15.54%

AI orientation → Knowledge search → Knowledge 
recombination creation → Radical innovation 0.0042 0.0023 0.0010 0.0107 0.87%

Total effect 0.4838 0.1286 0.2328 0.7331 100%
Note: Bootstrap replications were 5000.

Table 4. Moderating effects tests.

Variables
Model 1 Model 2

Radical Innovation Knowledge Search

AI orientation 0.4962 *** 0.3798 **
(0.1433) (0.1573)

CEO openness −0.0245 * −0.0002
(0.0126) (0.0101)

AI orientation × CEO openness 0.1002 * 0.1467 ***
(0.0551) (0.0455)

Firm age 0.3750 −0.8034 *
(0.4245) (0.4468)

Firm size 0.1427 ** −0.0201
(0.0622) (0.0478)

ROA 1.2434 *** 0.3207
(0.4120) (0.3656)

Leverage 0.3369 0.1009
(0.2065) (0.1572)

TMT size −0.1156 0.0195
(0.0807) (0.0534)

TobinQ 0.0654 *** −0.0134
(0.0203) (0.0205)

Constant −1.2221 3.5418 ***
(1.2173) (1.2113)

Observations 3962 3962
R2 0.4594 0.7040

Firm FE YES YES
Year FE YES YES

Note: Robust standard errors clustered at the firm level in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.

4.5. Additional Analyses
4.5.1. Endogeneity Concerns

We employed an instrumental-variable (IV) approach as a supplementary analysis 
to assess whether the positive association between AI orientation and radical innovation 
remains consistent under an alternative identification strategy. We used Peer CIO Count 
(CIO, Chief Information Officer) as the instrument because the establishment of a CIO 
position can reflect firms’ strategic orientation [109]. We measured the instrument as 
the number of peer firms in the same industry and year that had a CIO or a comparable 
information-related position, excluding the focal firm. We manually collected information 
on the CIOs of sample firms from the CSMAR database and firms’ annual reports. Referring 
to previous research [18], a firm’s CIO presence is treated as a dummy variable, taking 
the value of 1 if the firm has a CIO or a similar position (such as Information Center 
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Manager), and 0 otherwise. The instrument is theoretically relevant because firms may 
adjust their strategic orientation in response to the actions and organizational choices of peer 
firms [24]. Regarding exogeneity, we argue that the instrument may be plausibly exogenous 
under the exclusion restriction. Although firms may observe the strategic choices of their 
industry peers, they are unlikely to directly control whether those peer firms appoint 
CIOs. However, this argument does not fully establish the exclusion restriction, because 
common industry-year shocks may affect both peer firms’ CIO adoption and the firm’s 
radical innovation. The count-based instrument may also be affected by the scale of the 
industry. Based on this instrument, we conducted a two-stage least squares (2SLS) analysis 
as a supplementary test. As reported in Model 1 of Table 5, the first-stage coefficient of the 
instrument is positive and statistically significant (β = 0.0042, p < 0.01). The first-stage F-
statistic is 28.746, exceeding the critical value of 16.38. These results alleviate concerns about 
a weak instrument and support the relevance of Peer CIO Count for explaining firms’ AI 
orientation. The LM statistic is 28.850 with a p-value below 0.001, leading us to reject the null 
hypothesis of under-identification at the 1% level. Taken together, these statistics support 
the relevance and identification of the instrument. In Model 2, the second-stage coefficient 
of AI orientation is 0.3930 and remains positive and statistically significant at the 1% level. 
This result is consistent with the positive association observed in the benchmark analysis. 
However, because the validity of the exclusion restriction cannot be definitively established, 
the 2SLS estimates should be interpreted as supplementary evidence consistent with the 
benchmark results, rather than as evidence that fully resolves the endogeneity problem.

Table 5. Instrumental variable regression.

Variables

First-Stage Second-Stage

Model 1 Model 2

AI Orientation Radical Innovation

IV: Peer CIO Count 0.0042 ***
(0.0008)

AI orientation 0.3930 ***
(0.1091)

Firm age 0.1406 * 0.1926
(0.0774) (0.3445)

Firm size 0.0199 ** 0.1030
(0.0101) (0.0787)

ROA −0.1343 ** 0.1627 ***
(0.0676) (0.0497)

Leverage 0.0478 0.0725
(0.0340) (0.2456)

TMT size 0.0047 −0.0958
(0.0123) (0.0887)

TobinQ 0.0013 0.0689 ***
(0.0034) (0.0196)

Constant −0.5404 ** /
(0.2321) /

Observations 3962 3962

Kleibergen–Paap rk LM statistic /
/

28.850
[0.0000]

Kleibergen–Paap rk Wald F statistic / 28.746
Stock–Yogo 10% / [16.38]

Firm FE YES YES
Year FE YES YES

Note: Robust standard errors clustered at the firm level in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.
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4.5.2. Robustness Test
We implemented a set of tests to ensure our findings. First, our measurement of AI 

orientation was modified for robustness checks, utilizing the logarithm of one plus AI 
orientation-related word counts in the Management Discussion and Analysis (MD&A) 
sections contained in annual reports [62]. Model 1 of Table 6 shows that AI orientation is 
still positively associated with radical innovation. Second, we conducted a supplementary 
analysis based on AI investment. It should be noted that AI investment and AI orientation 
are theoretically related but conceptually distinct constructs. AI orientation primarily 
reflects a firm’s emphasis on AI at the levels of strategic cognition, organizational attention, 
and decision-making priorities [18]. In contrast, AI investment reflects the firm’s actual 
input in AI-related resources. Establishing and consolidating AI orientation often requires 
firms to make substantial investments [110]. Therefore, AI investment may reflect the 
extent to which a firm translates the importance of its AI strategy into actual resource 
allocation. However, AI investment may also be influenced by factors such as firm size and 
policy incentives, and thus cannot be regarded as an equivalent substitute indicator for 
AI orientation. According to the previous literature [97], the AI investment in this study 
was measured as the natural logarithm of one plus the ratio between AI assets and total 
assets (AI investment = ln (1 + AI assets

Total assets )). All asset data was derived from the CSMAR 
database. AI assets included AI software investment and AI hardware investment. Model 
2 reported the results of supplementary analyses conducted using AI investment. The 
estimated coefficient for AI investment was consistent in direction with AI orientation in 
the benchmark model and reached statistical significance. This result indicated that the 
core conclusion was still supported when using an AI resource input indicator. Third, we 
employed an alternative measure for radical innovation by computing the natural logarithm 
of one plus the firm’s annual invention patent applications [111]. Model 3 of Table 6 shows 
that our result was still fully robust. Fourth, we used the natural logarithm of the firm’s 
total assets to redefine firm size and found robust results (Model 4). Finally, we changed 
the regression approach and used the raw count of firms’ radical innovation patents as a 
dependent variable to re-estimate our model using the negative binomial regression method. 
The core findings were fully consistent with our initial results (Model 5).

Table 6. Robustness tests results.

Variables

Alternative AI 
Orientation

 Investment in AI 
Resources

Alternative Radical 
Innovation

Alternative 
Firm Size

Negative Binomial 
Regression Model

Model 1 Model 2 Model 3 Model 4 Model 5

Radical 
Innovation

Radical 
Innovation Radical Innovation Radical 

Innovation
Radical 

Innovation

AI orientation (MD&A) 0.0513 **
(0.0250)

AI investment 1.2310 *
(0.6524)

AI orientation 0.2619 ** 0.4893 *** 0.6152 ***
(0.1301) (0.1406) (0.1346)

Firm age 0.4410 0.0467 −0.1823 0.4179 0.2027
(0.4263) (0.0427) (0.5310) (0.4136) (0.1529)

Firm size 0.1629 *** 0.0166 *** 0.0735 0.1464 ** 0.2312 ***
(0.0630) (0.0063) (0.0817) (0.0676) (0.0367)

ROA 1.2073 *** 0.1278 *** 1.7576 *** 1.2224 *** 1.1271 **
(0.4142) (0.0413) (0.4366) (0.4076) (0.4968)

Leverage 0.3652 * 0.0379 * 0.1299 0.3398 0.6620 ***
(0.2123) (0.0212) (0.2541) (0.2119) (0.2000)
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Table 6. Cont.

Variables

Alternative AI 
Orientation

 Investment in AI 
Resources

Alternative Radical 
Innovation

Alternative 
Firm Size

Negative Binomial 
Regression Model

Model 1 Model 2 Model 3 Model 4 Model 5

Radical 
Innovation

Radical 
Innovation Radical Innovation Radical 

Innovation
Radical 

Innovation

TMT size −0.1036 −0.0104 0.0080 −0.1084 0.0216
(0.0814) (0.0082) (0.0797) (0.0808) (0.0741)

TobinQ 0.0683 *** 0.0067 *** −0.0054 0.0740 *** 0.0703 ***
(0.0205) (0.0020) (0.0238) (0.0205) (0.0237)

Constant −1.6732 −0.1780 2.3856 −3.5896 * −3.8797 ***
(1.2247) (0.1224) (1.5559) (1.8580) (0.4511)

Observations 3962 3962 3962 3962 3936
R2 0.4557 0.4558 0.7430 0.4574 /

Log likelihood / / / −6845.0348
Wald chi2 / / / 687.1800

Prob > chi2 / / / 0.0000
Firm FE YES YES YES YES YES
Year FE YES YES YES YES YES

Note: Robust standard errors clustered at the firm level in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.

4.5.3. Dynamic Panel GMM Estimation Analysis
To further mitigate potential endogeneity issues and better capture the dynamic nature 

of firms’ innovation processes, we performed a two-step system GMM estimator follow-
ing Blundell and Bond [112]. System GMM can mitigate estimation bias caused by the 
correlation between lagged dependent variables and the error term, as well as potential 
endogeneity of other explanatory variables, by using appropriate lags of the variables as in-
ternal instruments while controlling for unobservable individual effects of firms [113]. This 
study used Stata 18.0 to perform the System GMM estimation. To account for the persistence 
of radical innovation over time, we incorporated the first-order and second-order lag terms 
of radical innovation into the model, while controlling for firm age, firm size, ROA, leverage, 
TMT size, TobinQ, and year fixed effects. Standard errors were clustered at the firm level to 
account for potential heteroscedasticity and serial correlation within the same firm. Table 7 
shows that the test results support our main findings. Specifically, Model 1 shows that AI 
orientation is positively and significantly related to radical innovation. The lagged radical 
innovation (L. Radical innovation and L2. Radical innovation) is positive and significant 
in Model 1, indicating that radical innovation exhibits temporal persistence. Meanwhile, 
diagnostic tests reported in Model 1 confirm the validity of our GMM specification. Signifi-
cant first-order autocorrelation (AR (1), p = 0.0000) and no second-order autocorrelation 
(AR (2), p = 0.4282) demonstrate the appropriateness of our lag structure. Moreover, both 
the Sargan test (p = 0.1202) and the Hansen test (p = 0.1111) support valid instruments, 
indicating correct specification and no correlation with the error term. Consequently, these 
results reveal that the AI orientation–radical innovation relationship is robust to potential.
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Table 7. Dynamic panel GMM estimation results.

Variables
Model 1

Radical Innovation

L. Radical innovation 0.2586 ***
(0.0267)

L2. Radical innovation 0.0812 ***
(0.0287)

AI orientation 0.4626 ***
(0.1395)

Firm age 0.0469
(0.0667)

Firm size 0.1780 ***
(0.0343)

ROA 0.5848
(0.6052)

Leverage −0.2330
(0.3508)

TMT size 0.0734
(0.0532)

TobinQ −0.0104
(0.0291)

Constant −0.8199 ***
(0.2904)

Observations 3282
Instrumental variables 34

Year FE YES
AR1 (p) 0.0000
AR2 (p) 0.4282

Sargan (p) 0.1202
Hansen (p) 0.1111

Note: Robust standard errors clustered at the firm level in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.

4.5.4. Heterogeneity Analysis
In order to explore the heterogeneous effect of AI orientation on radical innovation, 

we first conducted analyses on samples classified by ownership types (state-owned and 
non-state-owned). State-owned firms were assigned a value of 1 and all other firms 0. 
The corresponding regression results are reported in Table 8. While the coefficient of AI 
orientation is statistically insignificant in the state-owned subsample, non-state-owned 
firms demonstrate a contrasting result with a strongly positive and significant coefficient 
(β = 0.5234, p < 0.01). The results indicate that in non-state-owned firms, AI orientation 
has a more pronounced effect on promoting radical innovation. Analyzing through the in-
novation incentives perspective, state-owned firms’ advantages in credit and policy support 
mitigate their reliance on AI orientation for capability building. In comparison, non-state-
owned firms, facing intense market rivalry, find it imperative to leverage AI orientation for 
transformative upgrades, thereby exhibiting greater responsiveness to AI-driven radical 
innovation. Second, we aimed to explore whether AI orientation has a more pronounced 
effect on promoting radical innovation in high-tech enterprises (HTE). We determined 
whether a firm is HTE based on its qualification certification documents sourced from the 
CSMAR database. The results of Models 4 and 5 in Table 8 indicate that the AI orientation 
coefficient for the high-tech enterprise group is 1.0331 (p < 0.01). For the non-high-tech 
enterprise group, the coefficient is 0.4314 (p < 0.05). To further explore the differences 
in coefficient magnitudes, we introduced the interaction (AI orientation × HTE) and con-
ducted regression again. The interaction indicates that there is a significant difference in 
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coefficient magnitudes between the two groups, and the interaction is positive, suggesting 
that the promoting effect of AI orientation on radical innovation is more pronounced in 
high-tech firms.

Table 8. Heterogeneity tests results.

Variables

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

(SOE = 1) (SOE = 0) (HTE = 1) (HTE = 0)

Radical 
Innovation

Radical 
Innovation

Radical 
Innovation

Radical 
Innovation

Radical 
Innovation

Radical 
Innovation

AI orientation 0.0275 0.5234 *** 0.5989 *** 1.0331 *** 0.4314 ** 0.3951 ***
(0.3005) (0.1577) (0.1550) (0.2352) (0.1704) (0.1462)

SOE 0.2193
(0.1388)

AI orientation × SOE −0.5252 *
(0.3087)

HTE −0.0599 *
(0.0334)

AI orientation × HTE 0.3086 **
(0.1488)

Firm age −0.3419 0.6434 0.3217 1.8580 *** −0.2537 0.3700
(0.9779) (0.4934) (0.4264) (0.6298) (0.4938) (0.4238)

Firm size 0.0826 0.2014 *** 0.1445 ** 0.0953 0.2043 *** 0.1558 **
(0.1431) (0.0707) (0.0635) (0.0997) (0.0747) (0.0629)

ROA 1.5708 * 1.0560 ** 1.3493 *** 1.6924 ** 1.3125 *** 1.2955 ***
(0.7960) (0.4567) (0.4118) (0.8275) (0.4890) (0.4130)

Leverage −0.3490 0.4793 ** 0.3371 0.1444 0.3941 0.3425
(0.4343) (0.2387) (0.2130) (0.3954) (0.2544) (0.2103)

TMT size −0.1408 −0.1284 −0.1151 0.0097 −0.1283 −0.1017
(0.1584) (0.0902) (0.0817) (0.1384) (0.0945) (0.0810)

TobinQ 0.0771 * 0.0502 ** 0.0677 *** 0.1214 *** 0.0416 * 0.0669 ***
(0.0422) (0.0230) (0.0202) (0.0437) (0.0233) (0.0204)

Constant 1.9034 −2.5972 * −1.2421 −5.5408 *** 0.0811 −1.4102
(2.9145) (1.3948) (1.2361) (1.8382) (1.4031) (1.2201)

Observations 1315 2632 3962 980 2899 3962
R2 0.4328 0.4627 0.4586 0.6132 0.4635 0.4581

Firm FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Note: Robust standard errors clustered at the firm level in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01.

4.5.5. Additional Robustness Test of the Indirect Effect
In order to address the potential measure overlap issue that may arise from knowledge 

recombination creation and radical innovation being based on patent applications in the 
same year and within the same time window, we employed an alternative indicator of radical 
innovation to conduct additional indirect effect tests, thereby assessing the robustness of 
the indirect effect of knowledge recombination creation. Specifically, we ranked invention 
patents by the number of forward citations five years after their publication according to 
their technological field (the first four digits of the IPC code) and application year, and 
identified the patents in the top 1% as radical innovation patents [114]. We obtained the 
forward citation information of invention patents from the CNRDS database. The number 
of forward citations reflects the extent to which a patent is recognized. Patents with higher 
citation rankings are likely to have greater innovative breakthroughs [115]. At the firm-year 
level, radical innovation is measured as the natural logarithm of one plus the number of 
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radical innovation patents. As reported in Tables 9 and 10, the results indicate that the 
indirect effect of knowledge recombination creation is robust.

Table 9. Robustness test results of the indirect pathway of knowledge recombination creation.

Variables
Model 1 Model 2 Model 3

Radical Innovation Knowledge 
Recombination Creation Radical Innovation

AI orientation 0.0914 ** 0.1786 ** 0.0887 **
(0.0426) (0.0772) (0.0422)

Knowledge recombination creation 0.0149 **
(0.0068)

Firm age −0.0424 0.3655 −0.0478
(0.1005) (0.2433) (0.1009)

Firm size 0.0125 −0.0627 ** 0.0134
(0.0146) (0.0306) (0.0147)

ROA 0.1447 −0.0550 0.1455
(0.0961) (0.2238) (0.0965)

Leverage −0.0855 ** 0.1301 −0.0874 **
(0.0412) (0.1156) (0.0414)

TMT size −0.0281 * 0.0732 * −0.0292 *
(0.0161) (0.0386) (0.0161)

TobinQ −0.0032 0.0141 −0.0034
(0.0036) (0.0129) (0.0036)

Constant 0.1261 −0.2309 0.1295
(0.2518) (0.7114) (0.2521)

Observations 2592 2592 2592
R2 0.3713 0.4036 0.3718

Firm FE YES YES YES
Year FE YES YES YES

Note: Robust standard errors clustered at the firm level in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01. 
Since the time window for forward citations of invention patents is five years, the sample size is 
reduced compared to the benchmark model.

Table 10. Bootstrap test results of the indirect pathway of knowledge recombination creation.

Type of Effect Effect Value Standard Error
Boot 95% CI (BC)

Lower Upper

Direct effect 0.0887 0.0433 0.0193 0.1936
Indirect effect 0.0027 0.0018 0.0003 0.0087

Note: Bootstrap replications were 5000.

5. Discussion
Our study aimed to unlock radical innovation through AI orientation and the effects 

of knowledge search, knowledge recombination creation, and CEO openness under an 
AI-driven context. We used the KBV to explain the influence of AI orientation on radi-
cal innovation. We also empirically examined the proposed indirect pathways involving 
knowledge search and knowledge recombination creation in the relationship between AI 
orientation and radical innovation. Furthermore, from an upper echelons perspective, we 
examined the moderating role of CEO openness in the relationships between AI orientation 
and radical innovation and between AI orientation and knowledge search.

Using a sample of China’s manufacturing traded firms during the 2013–2023 period, 
this research demonstrates that AI orientation significantly drives radical innovation. This 
discovery underscores the strategic importance of AI for a firm’s innovation activities. In 
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addition, our results provide evidence consistent with positive indirect effects involving 
knowledge search and knowledge recombination creation in the relationship between AI 
orientation and radical innovation. Meanwhile, we provide statistical evidence consistent 
with the proposed chain mediation model linking AI orientation to radical innovation 
through knowledge search and knowledge recombination creation, with a positive estimated 
indirect association. We hereby acknowledge that due to the identification limitations arising 
from the concurrent measurement of knowledge search, knowledge recombination creation, 
and radical innovation, the chain mediation analysis in this study reflects statistically 
indirect associations consistent with theoretical expectations, rather than causal processes 
verified through strict temporal ordering tests. In addition, our findings provide statistical 
support for the positive moderating role of CEO openness in the relationship between AI 
orientation and radical innovation, whereas CEO openness can positively moderate the 
AI orientation–knowledge search relationship. Our work offers several theoretical and 
practical implications.

In recent years, the rapid development of emerging AI technologies, particularly 
generative AI (GenAI) has provided a new context for understanding the findings of this 
study. GenAI expands the scope of AI in firms by generating content while supporting 
strategic planning and supporting innovation [116]. Therefore, GenAI may enhance the 
impact of a firm’s AI strategic orientation on organizational innovation and performance. 
However, this impact is not necessarily positive. The value realization of GenAI may depend 
on the firm’s data foundation, digital infrastructure, organizational learning capabilities, 
and AI governance mechanisms [117]. If a firm lacks the corresponding organizational 
capabilities, GenAI may bring implementation costs, information reliability risks, privacy 
and intellectual property risks, thereby weakening or even altering the relationship between 
AI strategic orientation and innovation outcomes.

5.1. Theoretical Implications
First, existing studies on firms’ innovation largely focus on entrepreneurial orienta-

tion [118] or market orientation [119,120], yet they remain limited in explaining how firms 
can bridge technological gaps through forward-looking AI strategic orientation during peri-
ods of deep AI transformation. By introducing AI orientation, this study reveals how such a 
strategic orientation enables firms to optimize resource allocation, thereby breaking the path 
dependency in traditional innovation. This contribution not only enriches the connotation 
of strategic orientation theory but also provides a new perspective for understanding how 
firms can steer technological breakthroughs through strategic deployment, filling the gap 
in the existing literature regarding the relationship between AI strategic orientation and 
radical innovation.

Second, this study develops a theoretically grounded chain mediation model incorpo-
rating knowledge search and knowledge recombination creation and presents statistical evi-
dence consistent with this model, thereby advancing understanding of how AI orientation is 
associated with radical innovation. Although existing research recognizes knowledge as the 
strategic resource of innovation, it often separates knowledge acquisition from knowledge 
utilization, overlooking their logical sequentiality. The construction of this chain-mediated 
theoretical model in our study indicates that mere knowledge accumulation is insufficient to 
support breakthrough innovation in the era of intelligent manufacturing. It is only through 
the deep coupling of AI-guided “precise search” and “novel recombination creation” that 
an advancement in knowledge value can be achieved.

Third, in this study, we introduce the UET, using CEO openness as a moderating 
variable to explore the contextual boundaries within which AI orientation exerts its ef-
fects. The strategic logic inherent in AI-oriented initiatives, which involves “restructuring 
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opportunities through AI”, is often accompanied by considerable uncertainty and a chal-
lenge to traditional approaches, making it highly likely to trigger cognitive friction and 
defensive mindsets within the organization. The impact of top executives’ personal char-
acteristics on firms’ innovation has been widely discussed [57,121]. However, the role of 
CEO openness has not yet been fully explored. CEOs with high openness may possess 
greater cognitive complexity and can leverage their positional power to provide legitimacy 
support and resource allocation for cross-boundary and unconventional knowledge search. 
It not only provides new empirical support for UET but also enriches KBV by incorpo-
rating the top managers’ personal traits, thereby enhancing the explanatory power of the 
theoretical framework.

5.2. Practical Implications
First, our research emphasizes that building an AI orientation is a key strategic priority 

for firms pursuing radical innovation. To effectively cultivate firms’ AI orientation, firms 
can first establish a cultural atmosphere that is conducive to AI technology. For example, 
firms can regularly conduct training in AI to enhance employees’ technical literacy and 
application capabilities. Firms can also design motivational architectures for innovation 
related to AI to encourage employees to apply AI in their work. Moreover, firms can set up 
dedicated, cross-departmental AI innovation incubation teams. These teams report directly 
to executives and have independent budgets to carry out rapid validation of AI-related 
concepts. Through these measures, firms can cultivate an AI orientation.

Second, firms pursuing radical innovation may benefit from translating their AI orien-
tation into an integrated process for knowledge management. An AI orientation can guide 
firms to prioritize the identification and exploration of useful knowledge, allocating re-
sources to the search for potentially complementary knowledge across domains. It can also 
encourage firms to strengthen cross-functional collaboration, reduce departmental barriers, 
and facilitate the sharing and integration of knowledge throughout the organization. By 
coordinating knowledge search and recombination practices with their AI-related strategic 
objectives, firms may enhance their capacity for creative knowledge recombination and 
create conditions that are more conducive to radical innovation.

Third, CEO openness affects the effect of AI orientation in facilitating innovation 
outcomes and knowledge search. Therefore, the CEO and top management team of a firm 
should proactively transform their cognitive and behavioral patterns. For example, the CEO 
or top executives of a firm should demonstrate strong support for AI orientation, publicly 
convey the importance of AI orientation, and make it an integral part of the firm’s strategy. 
Moreover, the CEO should consistently maintain an open mindset, actively scanning for 
emerging technologies and unorthodox strategies.

5.3. Limitations and Future Research
There are many limitations in this research, which offer fruitful promising opportuni-

ties for further investigations. First, while our evidence is sufficient to confirm the effect 
of AI orientation on radical innovation, radical innovation is shaped by multiple factors. 
Future studies could explore other potential antecedents of radical innovation, including AI 
capability, or AI investment. Second, our reason for using knowledge search and knowledge 
recombination creation as mediating mechanisms is embedded in the KBV. Future research 
can further examine other mechanisms and contextual factors in the relationship between 
AI orientation and radical innovation. Firms may adopt AI as a proactive strategic choice, 
or they may do so passively due to competitive pressure, transformation demands, or new 
business development needs. However, due to the limitations of the existing data, this study 
is unable to distinguish between proactive and reactive motivations for firms to establish AI 
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orientation. Therefore, future research could further explore the antecedents of firms estab-
lishing AI orientation. Third, the AI orientation measurement used in this study deserves 
further improvement. Although AI orientation is measured using the well-established tex-
tual analysis method of extracting relevant words in firms’ annual reports, and the dataset 
works well in our study, several potential measurement concerns should be acknowledged 
in the data. Future work could utilize complementary methods like surveys or interviews 
to examine the hypotheses from diverse perspectives, thereby verifying and extending our 
study’s results. Fourth, although our evidence supports the use of demographic proxies to 
assess the contextual relevance of CEO openness, these proxies are inherently limited in 
their ability to capture the nuanced psychological characteristics of CEOs. We thus call on 
future researchers to construct and validate a novel measure of CEO openness based on 
language. Fifth, since the study uses patent data, radical innovation is primarily identified 
based on whether a firm breaks through the existing scope of technological knowledge. 
This indicator can effectively characterize a firm’s technological exploration and crossing 
of knowledge boundaries, but it cannot fully measure the long-term impact of innovation 
on product markets, competitive structures, or industry technology trajectories. Future 
research could combine product-level sales data, market entry and exit data, industry 
technical standards, and textual analysis of detailed patent information to further identify 
radical innovations that are truly market-disruptive and industry-transforming. In addition, 
this study also has a limitation related to the context of technological development. Due to 
the constraints during the research period (2013–2023), we were unable to fully account 
for the rapid development of emerging AI technologies in recent years, especially GenAI, 
and their potential impact on the research results. The interpretation of existing empirical 
results cannot be directly and fully generalized to the technological context of emerging 
AI. Future research can use more updated data, differentiate between traditional AI and 
emerging AI, employ quasi-natural experiments or other methods for further verification. 
Finally, this study only focused on the research context in China, a transitional economy 
distinguished by its distinctive market and institutional arrangements [122], which may 
affect the validity of our conclusions when applied to different economic systems, whether 
emerging or developed. Subsequent investigations can test our propositions across diverse 
national settings to figure out the contextual boundaries.

6. Conclusions
How and when to effectively introduce and apply AI technology to promote radical 

innovation has become a core strategic issue within numerous firms. Drawing on the KBV 
and UET, we establish a novel framework that explains the mechanism of why AI orientation 
positively impacts radical innovation, thereby promoting theoretical knowledge on the impact 
of strategic orientation in the innovation domain. Our findings show that AI orientation 
positively affects radical innovation, while the estimated indirect effects through knowledge 
search and knowledge recombination creation are statistically significant and consistent with 
the proposed mediation framework. Additionally, our findings suggest that AI-oriented firms 
may be more likely to foster radical innovation when their CEO possesses a high level of 
openness. The findings provide empirical evidence that AI orientation significantly enhances 
firms’ radical innovation, thereby laying the groundwork for subsequent investigations aimed 
at understanding the strategic role of AI and its implications for innovation.
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Appendix A. AI Orientation Keyword Dictionary

Table A1. Keywords within the AI orientation dictionary.

AI Orientation Dictionary

Machine Learning Smart Monitoring Information Extraction
Deep Learning Smart Logistics Image Enhancement

Supervised Learning Feature Extraction Virtual Reality
Unsupervised Learning Question-Answering Systems Mobile Internet

Natural Language Processing Business Intelligence Smart Home
Text Generation Smart Chips Smart Hardware

Text Mining Smart Sensors Smart Manufacturing
Machine Translation Smart Computing Smart Technology

Expert Systems Smart Search Interaction Technology
Image Recognition Internet of Things (IOT) Human–Computer Interface

Machine Vision Cloud Computing Iris Recognition
Intelligent Robotics Robotic Process Automation Industrial Robot
Computer Vision AI Large Models Decision Support Systems

Artificial Intelligence Generative Artificial Intelligence Smart Cities
Intelligent Customer Service Machine Intelligence Smart Communities

Human–Computer Interaction Smart Marketing Industry 4.0
Human–Computer Dialog Smart Driving Semantic Analysis

Human–Computer Collaboration Fault Diagnosis Digital Control
Voice Interaction Real-time Control Smart Wearables

Biometric Recognition Control Algorithms Smart Security
Speech Recognition Data Mining Smart Systems

Fingerprint Recognition Computer Control Mobile Robots
Facial Recognition Neural Networks Smart Buildings

Pattern Recognition Semantic Understanding Smart Healthcare
Knowledge Graphs Smart Algorithms Smart Cars

https://doi.org/10.3390/systems14111392

https://doi.org/10.3390/systems14111392


Systems 2026, 14, 1392 27 of 32

Table A2. Illustrations of AI orientation keyword occurrences in annual reports.

Keyword Examples

Artificial Intelligence

“In 2017, based on the mature implementation of big data, cloud computing, and artificial intelligence
technologies, the company took the lead in the transportation sector by launching the artificial 
intelligence ‘Huiyan Da’ system.” (Tsinghua Tongfang Co., Ltd., 2017)

“The company is actively promoting the construction of future factories by applying emerging digital 
technologies such as 5G, artificial intelligence, big data, and cloud computing, driving the 
reengineering of production processes through data.” (Zhejiang Wanliyang Co., Ltd., 2023)

Machine Learning

“In the field of financial technology, the company will continue to increase its research and 
investment in innovative areas such as big data, cloud computing, artificial intelligence, and machine 
learning.” (Guangdong Hongteo Technology Co., Ltd., 2017)

“By utilizing algorithms such as machine learning and deep learning to construct an inference and 
decision-making system, it is possible to collect physical information of the fuel cell stack in real time and 
visualize it.” (Shenzhen Center Power Technology Co., Ltd., 2023)

Machine Vision

“During the reporting period, the company’s independently developed intelligent machine vision 
inspection AOI equipment is equipped with a high-speed programmable optical system, compatible 
with various defect inspections, achieving industry-leading high detection and low false alarm levels.” 
(Shenzhen JT Automation Equipment Co., Ltd., 2017)

“This project integrates basic AI machine vision algorithms with railway safety scenarios, developing 
corresponding algorithms for multiple safety situations such as large-scale mechanical construction 
operations, floods, and station ground subsidence.” (Beijing Jiaxun Feihong Electrical Co., Ltd., 2023)

AI Large Models

“The domestic business revolves around the core business strategy of ‘enhancing six capabilities’, 
aiming to shape brand strength through the improvement of product capabilities and drive sales 
power. It has launched an AI-powered smart home appliance platform, Changhong Yunfan, based on 
AI large models.” (Sichuan Changhong Electric Co., Ltd., 2023)

Voice Interaction

“In the field of electroacoustic products, intelligent voice speakers, as carriers of voice interaction and 
control centers for the Internet of Things, are expected to see an increase in industry prosperity, 
leading to rapid growth in the company’s electroacoustic business.” (Shenzhen Fenda Technology 
Co., Ltd., 2017)

“The smart speaker itself is equipped with a built-in voice interaction system and can connect to WIFI 
to access content services and internet services, providing consumers with a vast amount of content 
and a variety of functions.” (Edifier Technology Co., Ltd., 2023)

Internet of Things (IOT)

“During the reporting period, the company continued to focus on the development of its main 
business, continuously deepening and strengthening its research and exploration in areas such as 
financial payment and the Internet of Things.” (Eastcompeace Technology Co., Ltd., 2017)

“In the field of intelligent IoT, the company focuses on thermal imaging technology and is committed 
to providing smart Internet of Things solutions, covering online integrated solution modules, 
comprehensive optoelectronic security monitoring systems, and customs quarantine products.” 
(Wuhan Guide Infrared Co., Ltd., 2023)

Industrial Robot

“After years of focus and accumulation, the company has mastered core technologies of hardware 
and software products related to intelligent manufacturing, including motion control technology, 
industrial bus technology, drive technology, and industrial robot technology.” (Ningbo Techmation 
Co., Ltd., 2017)

“The main products include intelligent machining and manufacturing systems, industrial robot 
intelligent cleaning machines, and intelligent assembly production lines, which are widely used in 
important industries or fields such as automobiles, ships, aerospace, petrochemicals, and new 
material applications.” (China Marine Information Electronics Co., Ltd., 2023)
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