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ABSTRACT
Artificial intelligence (AI) is disrupting innovation. However, our understanding of firm-level consequences remains limited. 
While firms are starting to develop a strategic AI orientation (i.e., goals and strategic directions), we neither know how firms 
establish a strategic AI orientation nor whether it suffices to increase firms' technological innovation. We explore these questions 
in two studies. In Study I, we conduct 42 interviews with AI managers in large firms. Using the attention-based view to structure 
the qualitative insights, we build deductive hypotheses on the relationship between AI orientation and technological innovation. 
Study II tests our hypotheses quantitatively, using natural language processing to develop a text-based measure of firms' strate-
gic AI orientation. Applying this measure to S&P 500 firms between 2012 and 2021, we find that strategic AI orientation relates 
positively to firms' technological innovation, also across technology domains. CEOs' IT-related education strengthens this link. 
These insights contribute to AI-innovation research. First, we validate and refine the construct strategic AI orientation and its 
mechanism that links it to technological innovation. Second, we establish a positive AI-innovation relationship from a strategic 
perspective, enhancing the external validity of research in this domain. Overall, this article offers a starting point for strategic 
AI research.

1   |   Introduction

Digital transformation disrupts corporate innovation 
(Wetzels 2021). Recently, this is driven by artificial intelligence 
(AI), particularly machine learning, that is, self-improving algo-
rithms that derive patterns from data to perform cognitive tasks 
priorly considered exclusively human (LeCun et al. 2015). As AI 
uncovers previously unconsidered solutions, it may enable in-
novation, such as identifying novel fragrances (Symrise 2024), 
drugs (Callaway  2023), and business models (Spanjol and 
Noble  2023). Due to this transformational impact, research 
at the nexus of AI and innovation burgeons (e.g., Gama and 

Magistretti 2025), advancing particularly rapidly at the individ-
ual and team levels (e.g., Eicke et al. 2025; Freisinger et al. 2024; 
Jia et al. 2023).

However, we know little about AI's innovative role at the firm 
level. While initial research studies firms' productive use of AI 
and its effects on innovation (e.g., Rammer et al. 2022), we do 
not know whether the precursor to productive use—firms' stra-
tegic orientation toward AI—affects firms' innovativeness. This 
is vital because, despite the media frenzy about AI, most firms 
are not yet using AI productively (Dahlke et al. 2024). Instead, 
firms start to develop an AI orientation: “strategic direction and 
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goals associated with introducing and applying AI technology” (J. 
Li, Li, Wang, and Thatcher 2021, 1604). In practice, an AI ori-
entation reveals managerial attention to AI, manifesting in AI 
strategies or AI departments (van Giffen and Ludwig 2023). For 
instance, Pfizer and Boeing have appointed Chief AI Officers, 
Allianz offers AI education programs for their employees, and 
Mercedes-Benz has established corporate AI guidelines (Allianz 
SE  2025; Mercedes-Benz  2025; Wilkinson  2024). Thus, an AI 
orientation captures firms' strategies to internally address AI's 
transformative impact, which is important as AI is heralded as 
a societal engine for productivity and innovation. However, low 
aggregate productivity gains and the limited productive adoption 
of AI create fears that AI's impact may be overhyped (Babina 
et al. 2024). Thus, examining whether there are firms at the cusp 
of using AI productively helps to understand whether AI's im-
pact is indeed partially a hype but also, if not, which firms are 
likely to soon exhibit competitive advantage. Developing strate-
gic AI orientation is particularly useful in this regard, as strate-
gic orientations enable the conceptualization and measurement 
of multidimensional strategic choices across firms and contexts 
(Venkatraman  1989), especially in the context of innovation 
(Spanjol et al. 2011). As a result, our study answers calls for em-
pirical research on the relationship between firms' competitive 
advantage and their development of specialized assets, capabil-
ities, as well as situated agency for AI (Berg et al. 2023; Helfat 
et al. 2023; Kemp 2024; Krakowski et al. 2023).

The purpose of this article is to answer two connected research 
questions by employing a sequential explore and test design in 
two studies (Wellman et al.  2023). In an exploratory Study I, 
we qualitatively explore managerial perceptions of firms' AI 
orientation to improve our grasp of the concept, asking: How 
do firms establish a strategic AI orientation? We conducted ex-
pert interviews with 42 corporate AI managers from different 
firms in Europe and the United States (US) with a focus on the 

prevalence of a strategic AI orientation in relation to innovation 
outcomes. We use the resulting qualitative evidence on AI ori-
entation as a starting point to deductively develop hypotheses 
for a quantitative Study II (Venkatesh et  al.  2013; Wellman 
et al. 2023), asking: To what extent does a firm's strategic AI ori-
entation affect its technological innovation outcomes?

Study I reveals that managerial attention to AI is a key enabler 
for firms' AI orientation and that managers perceive AI orienta-
tion to be positively related to firms' technological innovation. 
Thus, our hypotheses in Study II are guided by the attention-
based view (Ocasio 1997) and its insights into managerial ori-
entations and associated innovation outcomes. We hypothesize 
that a firm's degree of AI orientation is positively related to its 
technological innovation outcomes. Since the focus of mana-
gerial attention depends on managers' experiences (Hambrick 
and Mason  1984), we also expect a positive moderating effect 
of the Chief Executive Officer's (CEO) IT experience, a support-
ive factor for innovation in the digital era (Choi et al. 2021). To 
test our hypotheses, we use natural language processing to de-
velop a longitudinal, textual measure of firms' AI orientation 
that captures firms' attention to AI in their annual 10-K filings. 
Extensive validation, such as expert assessments, a keyword-in-
context analysis, and a comparison of algorithmic and manual 
coding ensures the reliability of the measure. We combine this 
measure with patent data of the S&P 500 firms between 2012 
and 2021. We find that a firm's degree of AI orientation is pos-
itively related to its technological innovation output and that a 
CEO's IT education strengthens this link.

Based on these insights, we contribute to the literature on AI 
and innovation in two ways. First, we unveil the relevance of the 
information systems construct AI orientation for the innovation 
management literature. We use a framework that was intended 
to guide scholars (managers) in the management of AI (J. Li, Li, 
Wang, and Thatcher 2021) and validate whether managers per-
ceive it to exist and to be relevant. Validating the construct, our 
findings lead us to extend it with a particular focus on manage-
rial attention (Ocasio 1997). While AI orientation is originally 
abstract, we concretize how managerial attention to several 
building blocks (i.e., top management support, infrastructure, 
capabilities, organizational artifacts, cooperations, and strategy) 
acts as a mechanism that connects strategic AI orientation and 
technological innovation. Thereby, we address calls to disen-
tangle the mechanisms underlying the AI-competitive advan-
tage relationship (Helfat et al. 2023; Kemp 2024). This creates a 
starting point of inquiry for scholars who study the antecedents 
of AI use from interdisciplinary perspectives touching innova-
tion, technology, and strategy. Second, we establish a positive 
AI-innovation relationship from a strategic perspective. This is 
crucial as AI research is still debating whether AI use fosters 
or hinders innovation. AI can either enhance it, overcoming 
humans' cognitive limitations (Eicke et al. 2025), or restrict it, 
increasing reliance on historical data without the contextual un-
derstanding of humans (Choudhury et al. 2020). We contribute to 
this debate, showing that for strategic AI orientation, the positive 
influence of AI outweighs its drawbacks. As managerial orienta-
tion toward AI as general-purpose technology increases, firms' 
patent more across technology domains. This insight deepens 
our understanding of the outcomes of strategic AI orientation 
and enhances the external validity of AI-innovation research by 

Summary

•	 Firms increasingly develop AI strategies. However, 
the defining features of such a strategic perspective 
have previously remained ambiguous and our un-
derstanding of its impact was limited. Our research 
tackles these issues; this article provides clear recom-
mendations for the strategic management of AI:
•	 A strategic embedding of AI extends beyond AI's 

technological facet.
•	 Firms seeking to develop an AI strategy should 

consider
•	 capabilities (e.g., upskilling employees, es-

tablishing AI business translators),
•	 technological foundations (e.g., ensuring 

data quality, leveraging platforms), and
•	 governance (e.g., creating AI departments, 

adhering to a code of conduct).
•	 Firms that focus top management attention on AI 

are more technologically innovative, even across 
technological areas. Hence, firms should not only 
leverage AI for efficiency but as well for innovation.

•	 We outline further practical recommendations in 
Section 4.3 of this article.
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extending our knowledge beyond single use cases or specific AI 
technologies (Lou and Wu 2021; Rammer et al. 2022). In doing 
so, we contribute to more generalizable evidence for conditions 
under which firms obtain sustained competitive advantage 
through AI (Helfat et al. 2023). These theoretical contributions 
offer a starting point for firm-level, strategic AI research.

2   |   AI as a Strategic Choice

AI technologies are the most transformative digital technologies 
of our time, encompassing algorithms that build mostly on ma-
chine learning approaches to identify, generalize, and transfer 
probability structures in datasets (LeCun et al. 2015). As a re-
sult, AI technologies classify data points into clusters (discrim-
inative AI), predict potential future outcomes from historical 
data (predictive AI), and generate textual, graphical, or auditory 
artifacts (generative AI).

As these AI technologies advance, their use cases evolve from 
routine- to exploratory tasks (Raisch and Fomina  2025). On 
the one hand, discriminative and predictive AI assist decision-
makers in improving choices in routine tasks (Choudhary 
et  al.  2025). For example, they recommend investments or 
predict medical treatment options (Burak  2024). On the other 
hand, predictive and generative AI augment humans in solv-
ing complex problems and thus innovating (Eicke et  al.  2025; 
Raisch and Fomina  2025). For instance, predictive and gen-
erative AI enabled personalized shoes (Nike  2024) and novel 
drugs (Callaway  2023). Given this innovative potential, pro-
ductively using AI enables (technological) innovation (Rammer 
et al. 2022), that is, to develop and implement new ideas/technol-
ogy that create value (Damanpour 1991).

Prior work on AI and innovation confirms the positive impact 
of AI resources on research and development, revealing that 
they enhance pharmaceutical product development (Lou and 
Wu 2021). Relatedly, studies highlight AI's value in broadening 
idea generation, given AI algorithms' ability to discover novel 
patterns from existing data (e.g., Bouschery et  al.  2023; Eicke 
et  al.  2025; Verganti et  al.  2020). More concretely, Rammer 
et al. (2022) focus on firms' use of specific AI technologies, such 
as image recognition and natural language processing, and 
find that they positively affect product and process innovation. 
In contrast, AI may also constrain innovation due to its input 
incompleteness, its reliance on historical data, and the restric-
tion of background knowledge and routines (Balasubramanian 
et al. 2022; Choudhury et al. 2020). Given these inconsistent pre-
dictions, our understanding of the AI-innovation link remains 
incomplete.

Foundational to the arguments underlying the AI-innovation 
link is the assumption that firms productively use AI. However, 
most firms have not yet used AI productively (McElheran 
et  al.  2024). As a result, scholars have started to focus on the 
strategic orientation that firms have toward AI (J. Li, Li, Wang, 
and Thatcher  2021). However, what this perspective encom-
passes remains mostly opaque.

In general, firm-level orientations reflect firms' foci that steer 
their activities (Gatignon and Xuereb 1997). Across all foci, such 

orientations exhibit two features: They direct firm and employee 
behavior (Y. Li et al. 2010) and help to achieve and sustain com-
petitive advantage as they direct decision-makers' attention to 
value-adding activities (Spanjol et al. 2011). Hence, firms' degree 
of AI orientation guides firms' decisions and activities related 
to AI and is thus likely to affect firm-level outcomes. As such, 
firms' AI orientation is distinct from an externally oriented 
market orientation (Noble et al. 2002) or an internally oriented 
but generic strategic orientation (Venkatraman  1989). It also 
differs from technological orientation—a firm's general pro-
clivity to use technologies (Gatignon and Xuereb 1997)—since 
AI's impact differs from prior technologies. AI is distinct as it 
addresses cognitive tasks previously only attributed to human 
cognition, which elevate it from a mere tool to an active collabo-
rator (Anthony et al. 2023). Also, in practice, AI receives distinct 
attention, often in AI departments that operate beside IT depart-
ments, which are absent for most other IT, such as blockchain or 
the metaverse (van Giffen and Ludwig 2023).

Despite scholars' and practitioners' growing interest in the strate-
gic relevance of AI (Raisch and Krakowski 2021), our knowledge 
of AI as a strategic choice and its consequences for innovation 
remains limited. Therefore, this study aims to clearly demar-
cate how firms establish a strategic AI orientation and to what 
extent it affects firms' technological innovation outcomes. This 
extends prior studies that take a strategic view but limit their 
generalizability to a single industry (e.g., Lou and Wu 2021). We 
offer a conceptualization that spans industries and functions. 
Further, we extend prior studies that focus on the productive use 
of AI only (e.g., Igna and Venturini 2023; Rammer et al. 2022; 
Verganti et al. 2020) by examining the precursor of productive 
use, the strategic orientation toward AI. Table 1 sets our study in 
relation to prior research on AI and innovation.

3   |   Empirical Studies

3.1   |   Research Design Across Studies

Using an explore and test approach (Wellman et al. 2023), we de-
velop an understanding of the construct AI orientation through 
insights generated from qualitative and quantitative meth-
ods in two phases, while adhering to rigorous quality criteria 
for mixed-methods studies (Park and Ho 2025). First, we con-
ducted a qualitative pre-study based on exploratory interviews 
with 42 senior AI managers in 41 firms in the US, Germany, 
Switzerland, the Netherlands, and Spain to ascertain whether 
firms' AI orientation is perceived as a distinct construct, espe-
cially in relation to innovation outcomes. Second, based on the 
exploratory interviews, which enable us to develop a concrete 
definition of strategic AI orientation and an intuition of poten-
tial relationships between AI orientation and technological in-
novation outputs, we deductively develop testable hypotheses.

Following the interviewees' emphasis on the key role of top 
management attention toward AI, these hypotheses are guided 
by the attention-based view (Ocasio 1997) and its insights into 
managerial orientations and associated innovation outcomes. 
Taken together, the interviews help us to understand the phe-
nomenon, establish boundary conditions for the construct, and 
inform the subsequent hypothesis development on the link 
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between AI orientation and firms' technological innovation. 
Such a triangulation generates a deep conceptual understand-
ing of the construct and enables an informed interpretation of 
empirical results (Turner et al. 2017). The following sections de-
scribe our research design for both the qualitative (Study I) and 
quantitative study (Study II).

3.2   |   Qualitative Pre-Study I

3.2.1   |   Research Approach

We conducted an explorative qualitative study based on ex-
pert interviews to understand the core constructs and their 
relationships (Turner et al. 2017); that is, how firms establish 
a strategic AI orientation, especially in relation to innovation 
outcomes. Following Goffin et al. (2019), we designed a robust 
qualitative study to examine the construct strategic AI orien-
tation, with the study being deliberately exploratory. Such an 
exploratory case study is warranted as the construct of strate-
gic AI orientation has not been theoretically validated, leaving 
scholars with an incomplete understanding of what it entails. 
Further, it is not clear to what extent managers see a strate-
gic AI orientation as related to a firm's innovation outcomes. 
Thus, an exploratory case study is suitable to build new the-
ory or generate a new link to existing theory (Edmondson and 
McManus 2007). Therefore, we leverage expert interviews as 
a pre-study for our quantitative follow-on study (Venkatesh 
et al. 2013), similar to pilot studies in fully qualitative research 
(Goffin et al. 2019).

Beyond ventures who provide AI for certain tasks as their 
main business, AI has mostly been used by large, mature firms 
that have the resources for its deployment (Babina et al. 2024; 
Rammer et  al.  2022). Thus, we chose to sample interviewees 
from large (multi-)national firms.1 We chose our interviewees 
within such firms based on their experience with AI, as firms 
without dedicated AI roles are unlikely to have experienced a 
strategic AI orientation and its associated outcomes. We also 
chose interviewees who are senior so that they are close to the 
firm's strategy development. Given different hierarchical struc-
tures across firms, we use the reporting level to the CEO to com-
pare positions. Our interviewees are between CEO-1 (e.g., vice 
president) and CEO-4 (e.g., team lead) in firms across 17 sectors 
(Table 2).2 Triangulating insights from interviews with manag-
ers across firms and sectors ensures a strong substantiation of 
constructs and hypotheses that apply to a broad range of firms 
(Eisenhardt 1989; Goffin et al. 2019). Taken together, this theo-
retical sampling ensures that we can generate adequate theoret-
ical insights (Eisenhardt 1989).

To ensure comparability between interviews while allowing 
for rich narratives, we developed an interview guide with 
open-ended questions for the semi-structured interviews. For 
instance, we asked about the AI managers' responsibilities, the 
presence or absence of, and triggers of a strategic perspective 
on AI, intended outcomes, and success factors for the man-
agement and adoption of AI. We refined this interview guide 
after the first five interviews to consistently address emerging 
themes. The final sample size of 42 interviews emerged from 
a point of theoretical saturation; that is, additional interviews 

no longer provided additional insights. All 42 interviews were 
carried out via the online meeting tool Zoom and lasted be-
tween 23 and 81 min (Table 2), resulting in over 400 pages of 
verbatim transcripts. To avoid researcher bias, two AI schol-
ars who were not involved in the interviews reviewed these 
transcripts.

To increase rigor, one co-author and one postgraduate re-
search assistant independently analyzed the interviews 
(Goffin et al. 2019). Consistent with the exploratory nature of 
Study I, we opted for a robust but flexible analysis approach 
similar to the methodology suggested by Gioia et al. (2013). In 
a first step, we iteratively reviewed the transcripts and coded 
emerging concepts which were grounded in, but not limited 
to, latent concepts like objectives, structures, and strategies 
addressed in the interview guide (Mayring 2015). The emerg-
ing first-order concepts closely reflect our interviewees' ex-
pressions and work realities. In a second step, we abstracted 
these findings into higher-level second-order themes. To this 
end, we compared concepts and statements across informants, 
derived commonalities, captured the commonalities' nature, 
and assigned them to overarching, exploratory themes (Gioia 
et al. 2013). We discussed such emerging themes and the as-
signment of first-order concepts until we reached common 
conclusions. We further condensed the second-order themes 
into aggregate dimensions that provide a high-level overview 
of how firms establish a strategic AI orientation. Appendix S1 
illustrates the data structure.

3.2.2   |   Findings of Study I

Throughout the interviews, AI managers consistently stressed 
the strategic relevance of AI. For example, one interviewee ex-
posed that “[t]here is already […] a strategy that has defined 
this [AI] as one of the cornerstones for future existence and 
growth,” which goes beyond AI technology: [A] “company-
wide AI strategy is […] about business, about organization, 
about technology, about people, and about responsibility.” 
Also, our interviewees stressed the relevance of technologi-
cal infrastructure, capability building, cooperations, and top 
management support. Table  3 provides an overview of the 
technology-, capability-, and governance-related dimensions 
that define strategic AI orientation, their associated explor-
atory themes and emergent concepts, and shows illustrative 
quotes. For a visual summary of the dimensions, see Figure 1. 
Appendix S3 offers more details. The derived dimensions are 
anchored in existing conceptualizations of AI orientation (J. 
Li, Li, Wang, and Thatcher 2021) and AI innovation capability 
(Lou and Wu 2021) that emphasize AI resources and strategic 
embeddings.

Drawing on the synthesis and abstraction of these insights, we 
define strategic AI orientation as firms' degree of strategically 
dedicating managerial attention to orchestrating complementary 
AI-related resources and capabilities with the aim of adding value 
by deploying AI technologies. This deepens the definition by J. 
Li, Li, Wang, and Thatcher  (2021), which focuses on strategic 
directions for AI. First, we specify the necessity of directing 
managerial attention to AI to ensure strategic priority, as AI-
related goals risk becoming marginalized without it. Second, 
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we introduce the orchestration of complementary resources and 
capabilities, as a strategic AI orientation is broader than its tech-
nological facet.

Foundational to AI orientation is its strategic notion that ex-
tends beyond isolated use cases. While specific AI technologies 
such as large language models benefit particular use cases such 
as idea generation in new product development (Bouschery 
et al. 2023), firms must embed the wealth of AI use cases and 
related AI technologies they envision in an overarching con-
text. A strategic AI orientation provides a guiding framework 
for this. As an interviewee from the automotive industry under-
lines, companies focusing on AI develop “strategic capabilities 
that are more long-term, that is 2-3 years. We know that we need 
specific capabilities to address market needs and trends but how 
the specific product will look like afterwards is not yet clear.” In 
line with this forward-looking perspective, a strategic AI orien-
tation captures firms' future-oriented attention to AI and differs 
from backward-looking concepts such as AI maturity (Igna and 
Venturini 2023).

Further, interviewees discuss the clear link between AI and 
firm innovativeness. An interviewee from a manufactur-
ing firm states that “Efficiency and product innovation are, I 
think, the two big drivers. […] Many firms use AI for efficiency. 
But you have to be careful that you don't lose sight of […] prod-
uct innovation. […] [It] can be a huge competitive advantage.” 
Similarly, an interviewee from a medical technology firm 
stresses AI's innovation potential to “open up new business 
areas.” These intended outcomes match prior research, high-
lighting AI's efficiency-improving (e.g., Czarnitzki et al. 2023) 
and innovation-promoting potential (e.g., Lou and Wu 2021). 
While efficiency gains are common as firms realize quick 
wins (Benbya et al. 2020), recent work emphasizes that inno-
vation- rather than efficiency gains drive firms' value creation 
from AI (Babina et al. 2024).

Taken together, Study I enables us to generate a clearly de-
marcated definition of strategic AI orientation and a starting 
point to hypothesize about a direct relationship between the 
construct and firms' technological innovation outcomes. As a 
result, we increase our confidence in construct validity and in-
ternal validity (Gibbert and Ruigrok 2010), setting up Study II. 
Regarding external validity, we want to clarify that our asser-
tions are most likely to be generalizable to large, mature firms 
across industries but may not extend to small firms that do 
not have dedicated AI resources and shallow resource pools. 

No. Position Industry
Duration 
(minutes)

38 Department head Construction 41

39 Director Chemistry 36

40 Manager Consulting 35

41 Department head Automotive 40

42 Manager Technology 49

TABLE 2    |    (Continued)TABLE 2    |    Interview sample.

No. Position Industry
Duration 
(minutes)

1 Manager Telecommunication 40

2 Team lead Food 35

3 Partner Sports 35

4 Department head Pharma 61

5 Department head Pharma 55

6 Department head Financial services 78

7 Department head Chemistry 81

8 Director Automotive 55

9 Manager Aviation 70

10 Department head Consulting 31

11 Director Manufacturing 54

12 Director Chemistry 67

13 Director Insurance 57

14 Manager Sports 51

15 Department head Telecommunication 56

16 Team lead Insurance 54

17 Director Sports 70

18 Department head Insurance 53

19 Department head Pharma 66

20 Team lead Financial services 37

21 Vice president Media 43

22 Director Pharma 70

23 Director Medical technology 53

24 Team lead Medical technology 60

25 Department head Consumer research 49

26 Department head Insurance 54

27 Manager Insurance 43

28 Department head Insurance 28

29 Department head Telecommunication 36

30 Team lead Financial services 34

31 Department head Technology 44

32 Manager Technology 44

33 Department head Insurance 23

34 Department head Financial services 37

35 Team lead Telecommunication 43

36 Director Financial services 42

37 Partner Auditing 40

(Continues)
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Thus, Study II also tests our assertions with data on large, pub-
lic firms.

3.3   |   Quantitative Study II

3.3.1   |   Theory and Hypotheses

In line with our interviewees' emphasis on the top manage-
ment's attention to AI as a key enabler, we use theories of 
managerial attention—the extent to which a manager ded-
icates attention to a specific topic (Ocasio  1997)—to exam-
ine the concept of AI orientation. As managerial attention is 
limited (Ocasio 1997), intensifying the focus on one domain 
reduces attention to others, thereby indicating priority dif-
ferences within firms. Against the backdrop of information 
overload, the allocation of managerial attention is a central 
strategic decision. Thus, firms demonstrate higher levels of AI 
orientation if managers direct increased attention toward AI 
and initiate processes to guide AI adoption (J. Li, Li, Wang, 
and Thatcher 2021; Y. Li et al. 2010). Considering that mana-
gerial attention steers firm behavior (Ocasio 1997), increased 
managerial attention toward AI orientation likely shapes 
firms' technological innovation outcomes.

We draw on the attention-based view (Ocasio  1997) to ana-
lyze how managing AI relates to technological innovation. 

Ocasio  (1997, 189) characterized attention as “the noticing, 
encoding, interpreting, and focusing of time and effort by orga-
nizational decision-makers.” The focus of managerial attention 
captures to which elements managers dedicate their aware-
ness so that these elements enter into their consciousness 
(Ocasio 1997). As managers make strategic choices, their focus 
of attention steers firm outcomes (Narayan et al. 2021). Also, re-
search on the attention-based view emphasizes AI's potential “to 
transcend existing human limits to attention and to address com-
plex interdependencies that humans may not envisage” (Joseph 
et  al.  2024, 13). Accordingly, we argue that firms' AI orienta-
tion goes along with shifts in managerial attention that affect 
firms' technological innovation. Three arguments support this 
reasoning.

First, managers who take a forward-looking view on the de-
velopment of AI-related resources create an environment 
conducive to innovation. As AI orientation covers strategic 
directions (J. Li, Li, Wang, and Thatcher 2021), managers de-
velop more long-term goals without expecting immediate re-
turns on investment. Such future orientation amplifies firms' 
innovation in technologically dynamic settings (Nadkarni 
and Chen  2014). Simultaneously, managerial focus on AI 
orientation enables firms to embrace the change required 
for innovating. By initiating interdepartmental teamwork to 
create a firm-wide understanding of AI, AI-oriented firms re-
lease silo structures and enable idea exchanges. The resulting 

FIGURE 1    |    Visualization of the findings of study I.
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collaboration of diverse agents fosters innovation (Miller and 
Triana 2009).

Second, AI-oriented firms provide a set-up to experiment with 
AI. Based on the ability of AI technologies to recognize pat-
terns that are hidden to humans (LeCun et  al.  2015), using 
AI allows employees to overcome cognitive impediments in 
information-rich settings and to discover new insights (Garbuio 
and Lin 2021). Thus, firm-wide experimentation with AI allows 
firms to identify novel knowledge and business opportunities. 
Examples of such innovation-enhancing potential are manifold, 
covering the detection of novel drugs (Callaway 2023) and the 
anticipation of successful new TV series like House of Cards 
(Verganti et al. 2020). Thus, a stronger focus on AI orientation 
broadens access to innovative opportunities that strengthen 
firms' technological innovation.

Third, AI-oriented firms' optimized allocation of cognitive re-
sources fosters innovation. As AI applications automate repet-
itive tasks, managers have more attentional capacity available 
for time- and attention-intensive activities like fostering in-
novation. Camuffo et al. (2023) echo this, stating that the AI-
driven automation of high-frequency/low-impact decisions 
frees up attention for low-frequency/high-impact decisions 
such as innovation. Similarly, psychological mechanisms such 
as managers' mind-wandering allow for imagination and fu-
ture simulation (Dane  2018). Such future-oriented thinking 
and acting promote innovation (Danneels and Sethi  2011), 
reiterating our assertion that firms' focus on AI enhances in-
novativeness through a future-oriented, strategic view. Hence, 
AI orientation enhances firms' allocation of managerial atten-
tion to innovation.

To conclude, we argue that a firm's AI orientation increases 
technological innovation through three mechanisms: estab-
lishing an environment conducive to innovation, identifying 
innovative opportunities, and releasing cognitive resources. 
This reasoning is consistent with prior work revealing that ex-
ecutives' attention to emerging technology accelerates and in-
tensifies firms' entry into technology-related product markets 
(Eggers and Kaplan 2009). Thus, we hypothesize:

H1.  A greater degree of strategic AI orientation increases firms' 
technological innovation.

Given that managers' choices are a function of their prior expe-
riences (Hambrick and Mason 1984), we investigate the role of 
individual experiences in transforming a firm's AI orientation 
into technological innovation outcomes. In general, experiences 
guide managers' focus of attention and thus their decision-
making (Cho and Hambrick 2006). Focusing on the CEO as the 

most powerful member of the top management team, we suggest 
that CEOs' IT experience strengthens the link between AI ori-
entation and technological innovation by directing managerial 
attention toward AI.

CEOs' IT experience covers the dimensions of education and 
working experience (Choi et  al.  2021). IT education reflects a 
CEO's interest in and knowledge of the technical component of 
IT (cf. Hambrick and Mason 1984), while IT working experience 
provides a CEO with an understanding of IT industry dynam-
ics (Kor  2003). Although demographic attributes have limited 
expressive power regarding CEOs' psychological characteristics, 
they are suited to study CEOs' experience in a specific functional 
area such as IT (Choi et al. 2021).

CEOs' IT experience indicates that the CEO has directed her 
attention to technological issues earlier in her career. This is 
important as CEOs direct attention to their areas of expertise 
(Lo et  al.  2022). Accordingly, we argue that IT-experienced 
CEOs experience less attentional friction losses when direct-
ing their attention to AI. Thus, IT-experienced CEOs are more 
likely to focus on AI and—given their expertise with IT—can 
better convert a firm's AI orientation into innovation by ini-
tiating necessary changes. Consistent with our reasoning, 
CEOs' IT experience strengthens the link between CEO risk-
taking and IT innovation, as IT-experienced CEOs are more 
motivated and self-confident to take IT-related risks (Choi 
et al. 2021). In summary, the reduction of attentional friction 
losses gives IT-experienced CEOs an advantage in identify-
ing and leveraging innovative opportunities based on their 
firms' AI orientation when compared with CEOs without IT 
experience.

Relatedly, we argue that IT-experienced CEOs orchestrate 
IT-related resources effectively, strengthening the link be-
tween AI orientation and technological innovation. Based 
on experience, CEOs develop heuristics that direct attention 
to value-adding resource orchestration activities. Similarly, 
marketing-specialized CEOs leverage their customer-
centricity to identify opportunities and allocate resources ef-
fectively (Buyl et al. 2011). This complements work revealing 
that executives' functional experience enables them to build 
a climate of support for IT initiatives and favors firms' pro-
gressive use of IT (Jarvenpaa and Ives 1991). In summary, IT 
experience builds expertise in technology-driven innovation 
such that IT-experienced CEOs strengthen the link between 
AI orientation and technological innovation. Figure 2 depicts 
this study's research model.

H2a/b.  The CEO's IT experience in terms of (a) educa-
tion and (b) working experience strengthens the relationship 

FIGURE 2    |    Research model.
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between a firm's degree of AI orientation and its technological 
innovation.

3.3.2   |   Data and Sample

We test our hypotheses using panel data of US listed firms in 
the S&P 500 between 2012 and 2021. We combine data from 
text analysis with patent data from USPTO, and firm data 
from Compustat, BoardEx, and ExecuComp. Further, we use 
hand-collected data on CEOs' demographics from their official 
biographies and professional social network profiles (Bendig 
et al. 2023). Like previous work, we exclude firms without SIC 
code, non-classifiable firms (SIC 9900–9999), governmental en-
tities (SIC 9100–9199), and financial firms (SIC 6000–6999), as 
well as those with assets below USD 10 million and an R&D in-
tensity above 1 (Kim and Bettis 2014). Similar to prior work on 
patents, we aggregate data to parent firms (Arora et al. 2021). 
The final sample covers 1514 firm-year observations, corre-
sponding to 262 parent firms, from 2012 to 2021. We start our 
analysis in 2012, as this marks a period when firms began to 
pay increased attention to AI, triggered by IBM's AI system 
Watson winning the TV game show Jeopardy due to improved 
deep learning algorithms (Ferrucci 2012). Besides, 2012 marked 
a shift in the hardware used for most AI software, using the 
graphics processing unit (GPU) to run neural network code 
(The Economist 2024). This setup is generally used today and 
has led to the rise of Nvidia, supporting the sampling timeframe.

3.3.3   |   Measures

3.3.3.1   |   Dependent Variable.  Firms' technological inno-
vation is commonly measured through patent data, mainly 
through patent counts (Savage et al. 2020). Thus, we measure 
technological innovation as the number of granted patents 
applied for by a firm in a specific year.3 While patent counts 
are a common measure for technological innovation, they may 
fall short of capturing the nuance in innovation. We thus run 
robustness checks based on firms' technological breadth, that 
is, patenting in new technology classes, in line with prior work 
(e.g., Kang and Kim 2020; Wirsich et al. 2016).

3.3.3.2   |   Independent Variable.  Firm-level data on AI is 
rare (Raj and Seamans  2019). Despite a recent notable excep-
tion (Babina et  al.  2024), existing AI measurements are very 
sample-specific and cannot address strategic AI orientation. 
For instance, cross-sectional survey data (Rammer et al. 2022) 
neglect the longitudinal effects of AI orientation. AI patents 
(Igna and Venturini 2023; Miric et al. 2023), publications at AI 
conferences (Hartmann and Henkel 2020), and deep AI knowl-
edge on websites (Dahlke et al. 2024) offer a backward-looking 
view that measures AI maturity instead of AI orientation. While 
online job postings (Goldfarb et  al.  2023) and the acquisition 
of AI firms (Hartmann and Henkel 2020) offer a strategic view, 
they are hardly accessible or difficult to scale to large sam-
ples. Building a more accessible and scalable measure, J. Li, Li, 
Wang, and Thatcher (2021) relied on keywords originating from 
a Forbes article to assess firms' textual data. However, the lack 
of a comprehensive dictionary and its validation questions this 
measure's reliability and validity.

Given these shortcomings, we develop and validate a longitudi-
nal, large-scale, and continuous measure of firms' strategic AI 
orientation. Our measure is replicable and scalable as it relies 
on publicly accessible data: firms' 10-K filings and news articles. 
We refine a prior measurement by applying a computer-aided 
textual analysis (CATA) to 10-K's to build a continuous vari-
able.4 Through CATA, scholars develop and validate dictionar-
ies consisting of keywords that capture a construct (Matthews 
et  al.  2022). If and how often such keywords appear in text 
corpora offers valuable information on hard-to-operationalize 
constructs such as firm behavior and orientation (e.g., Matthews 
et al. 2022; Schäper et al. 2023). Consistently, the textual mea-
surement of IT-related concepts becomes common (e.g., Engelen 
et al. 2022). Thus, we develop and validate a dictionary for CATA 
to grasp a firm's strategic AI orientation. Appendix S4 includes 
a detailed step-by-step explanation of the measurement creation 
and its validation.

First, we create an AI orientation dictionary of academic liter-
ature based on unsupervised topic modeling, following the ap-
proach of Schäper et al. (2023). Topic modeling is “a text mining 
approach for automated content analysis developed to identify 
hidden and latent topic structures in large, machine-readable 
text corpora” (Antons et al. 2016, 729). We first establish the text 
bodies used for topic modeling by searching for research on the 
management of AI published in management and information 
systems journals between 2000 and 2022. We identify 335 arti-
cles, containing about 3.4 million words. Yet, scholarly articles 
may overlook topics relevant to firms. Thus, we add 196 consult-
ing reports on the corporate use of AI, capturing strategic ques-
tions and use cases, from five leading consulting firms. These 
reports contain about 600,000 words.

In a second step, we extract the most frequent words using an 
unsupervised machine learning algorithm for topic model-
ing (Hannigan et al. 2019). Similar to prior work (e.g., Schäper 
et al. 2023), the algorithm calculates word frequencies and co-
occurrences, based on which it identifies key concepts within 
the input data. As machine-based text analysis lacks contextual 
knowledge, we perform manual checks (Pollach 2011), that is, 
remove words unrelated to the management of AI such as “jour-
nal.” Finally, we end up with a list of 239 potential keywords.

To avoid measurement errors, extensive manual checks and 
validation are required (McKenny et  al.  2018). We perform 
three content validation steps to ensure that the keywords 
reflect the construct: expert assessment, keyword-in-context 
analysis, and manual coding (Belderbos et al. 2017). First, three 
AI scholars from computer science, information systems, and 
management, and three AI practitioners individually assessed 
our keyword list. If at least four out of six experts rate a key-
word as suitable, it remains in the dictionary. This threshold 
of 67% aligns with validation practices (Belderbos et al. 2017; 
Matthews et al. 2022) and ensures that at least one scholarly 
and practical rater agreed to keep the keyword. Second, a 
keyword-in-context analysis ensures that all keywords unam-
biguously reflect the construct in the text body of the 10-K's 
(Belderbos et  al.  2017; Krippendorff  2004). Following prior 
work (Belderbos et al. 2017; Matthews et al. 2022), we man-
ually check 20 randomly selected contextual text snippets per 
keyword. If the keyword in the original context reflects our 
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construct in at least 60% of all text snippets, we retain it. If 
this threshold is not reached, we drop the keyword from the 
dictionary (e.g., the abbreviation ML referred too often to mil-
liliters instead of machine learning). Appendix  S4 provides 
further examples. Third, three trained postgraduate research 
assistants manually coded 350 annual reports for AI orien-
tation to check whether the dictionary correctly reflects the 
construct. Their ratings reflect an adequate interrater agree-
ment—intraclass correlation coefficient = 0.917, α = 0.766 
(Bliese 2000; Krippendorff 2004)—and correspond to the al-
gorithmic classification of firms' AI orientation. These results 
offer confidence in the constructs' validity. The resulting final 
dictionary comprises 49 keywords in eight clusters (Table 4). 
Appendix  S4 further provides a sample of keywords within 
their original context and elaborates on further validity types, 
including sampling validity, correlational validity, predictive 
validity, and external validity of our measure.

To measure firms' AI orientation, we analyze firm-specific, tex-
tual data. We apply the AI orientation dictionary to 10-K filings 
from 2012 to 2021 through CATA. Traditionally, CATA-based 
analyses take the sum of keyword occurrences as proxies (e.g., 
Becker et  al.  2022; Junge et  al.  2023). Yet, this includes nega-
tively connotated occurrences that reduce rather than increase 
the measure, for example, when firms posit AI as a threat to 
their business. Thus, we perform a sentiment analysis to distin-
guish between positively, neutrally, and negatively connotated 
sentences.

Our final proxy, the AI orientation score, consists of the sum of 
positively and neutrally connotated sentences containing key-
words from the AI orientation dictionary. Aligned with our 
theorizing and prior research, the keyword frequency reflects 
the strategic attention a firm dedicates to a topic (e.g., Junge 
et al. 2023; Narayan et al. 2021). Controlling for 10-K length, we 
scale AI orientation as the relative attention a firm devotes to AI 
throughout the 10-K report. As the attention may vary, we cal-
culate an AI orientation score for each firm-year combination, 
representing the attention that managers devote to the strategic 
embedding of AI in a specific year. Consistent with the increas-
ing awareness around AI over time, our variable shows a steady 
increase, both regarding the mean value of the strategic AI ori-
entation score and regarding the percentage of firms that pay 
attention to AI as compared with those that do not (from 12% of 
the sample in 2012 to 50% in 2021).

Since many firms in our sample have not yet adopted an AI 
orientation, we test our hypotheses using three operational-
izations of AI orientation to accommodate this distribution: 
binary (=1 if any AI orientation keyword), categorical (=3 if 
top 5%, =2 if < top 5% but > 0 keywords, =1 if 0 keywords), 
and continuous. This ensures comparability with the exist-
ing binary measure of AI orientation (J. Li, Li, Wang, and 
Thatcher 2021) while still exploiting the richness that our con-
tinuous measure offers.

3.3.3.3   |   Moderators.  Using CEOs' official biographies 
from annual reports and definitive proxy statements, comple-
mented with data from professional social network profiles 
and firm websites, we measure CEOs' IT-related education 
as a binary variable. This variable equals one if the CEO has 

a university degree in computer science or information sys-
tems (Choi et al. 2021). The binary variable of CEOs' IT-related 
functional working experience is one if she is currently or has 
formerly served on the board of IT firms and zero otherwise 
(Bendig et al. 2023; Choi et al. 2021). We classify IT firms based 
on their presence in high-tech industries (Yu et al. 2019).

3.3.3.4   |   Control Variables.  As larger firms possess more 
resources, we control for firm size as the natural logarithm 
of total assets (AT; Compustat denotations). We include lever-
age (DT/AT) as it relates to firms' risk-taking tendency (Boyal-
lian and Ruiz-Verdú  2018). We add firm profitability (NI/AT) 
and potential slack (DT/TEQ) as investments in technologies 
and innovation depend on financial performance and slack 
resources (Greve  2003). R&D intensity (XRD/SALE) controls 
for firms' tendency to innovate. Like Kim and Bettis  (2014), 
we set missing values of R&D expenditures to zero. We con-
trol for knowledge intensity (INTAN/AT) and capital intensity 
(REVT/AT) to capture a firm's resources for investing in AI 
and innovation. We include industry profitability (firms' average 
ROA in the focal firm's industry) to control for the possibility 
of building slack resources (George 2005). We control for indus-
try competition (Herfindahl–Hirschman index of SALE), since 
competitive pressure affects corporate innovation (Jansen 
et al. 2006) and for market turbulence as the ratio of adminis-
trative expenses and sales of firms in the same industry (Saboo 
et al. 2016), as it captures dynamic customer preferences, poten-
tially driving AI orientation and innovation. Finally, we include 
the natural logarithm of total words in a firm's 10-K to set the AI 
orientation score in relation to document length. Including doc-
ument length is common for CATA-based measurements, as 
longer texts may inherently contain more relevant keywords 
(Vagnani 2015).

3.3.3.5   |   Model Specifications.  We forward the depen-
dent variable by 1 year to compare AI orientation to patent 
filings in the following year. This is justified as firms require 
time to leverage the benefits of IT. A one-year lag aligns with 
the time strategic decisions need to influence business value 
(Taylor and Vithayathil 2018) and reflects the time it takes firms 
to benefit from IT commitments in terms of innovativeness (e.g., 
Karhade and Dong 2021). The lag further allows us to exclude 
AI orientation scores after 2020 to omit pandemic-related 
issues, potentially biasing text-based measures. As patents are a 
count variable with solely nonnegative integer values, we run a 
count-specific panel Poisson regression with firm- and year-fixed 
effects and robust standard errors.5 Firm-fixed effects establish 
a fit between our theorizing and empirical analyses as we ana-
lyze how technological innovation differs within a firm regard-
ing the firm's strategic AI orientation.

3.3.4   |   Results of Study II

Table  5 reports descriptive statistics and correlations. As we 
include one AI measure per model, high correlations between 
them are unproblematic. Multicollinearity is no concern with 
variance inflation factors (VIF) below 5 and an average VIF 
of 1.60 (Hair et  al.  2014). Yet, recent work calls the relevance 
of VIF into question (Kalnins and Praitis Hill  2025). We fol-
low Kalnins  (2018), displaying full correlation and stepwise 
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regression tables to examine both closely. No independent 
variable exceeds a correlation of much larger than |0.3| with 
any other variable, mitigating multicollinearity concerns 
(Kalnins  2018). Also, correlations between independent and 
dependent variables are of the same sign as the β coefficients, 
reducing concerns (Kalnins 2018).6

Table 6 shows the regression results. The first model for each 
measure of the independent variable, that is, binary (Model 1, 
β = 0.485, p = 0.055), categorical (Model 4, βcategorical=2 = 0.461, 
p = 0.060; βcategorical=3 = 0.706, p = 0.020), and continuous (Model 
7, β = 0.023, p = 0.015), provides evidence for H1 as AI orien-
tation is significantly positively related to technological in-
novation. The continuous measure of AI orientation picks up 
nuances in firms' strategic AI orientation. In contrast, the coef-
ficients of the binary and categorical measures are largest and 
least conservative with a slightly weaker significance level. This 
may mean that binary and categorical measures are too coarse 
to detect nuances in firms' strategic AI orientation. In terms of 
economic significance, firms that have a strategic AI orientation 
when compared with those that do not (Model 1, binary) exhibit 
a 62% increase in granted patents. Using the continuous vari-
able (Model 7), an increase in AI orientation by two standard 
deviations (SD) is associated with a 25% increase (exp(β × 2SD) 
− 1) in granted patents (Wooldridge 2013). Given a median mar-
ket price for a patent of $225,000 (Bloomberg Law  2020), this 
increase corresponds to $56,250. This multiplies for high-tech 
firms that rely on patents for intellectual property protection 
and exhibit a high degree of AI orientation: Firms scoring high 
in AI orientation can face potential market gains of up to $530 
million.7

Our results partially confirm the moderating effect of CEO IT 
experience. In general, the results support a positive moderat-
ing effect of CEO IT education. The interaction terms between 
the binary (Model 2, β = 1.425, p = 0.017), categorical (Model 5, 
βcategorical=2 = 1.369, p = 0.027; βcategorical=3 = 1.511, p = 0.005), and 
continuous variables (Model 8, β = 0.037, p < 0.001) of AI orienta-
tion and CEO IT education are significantly positive. However, 
there are inconsistencies in the strength of the moderating ef-
fect of CEOs' IT working experience. These inconsistencies 
seem to follow our prior discussions about the appropriateness 
of measuring strategic AI orientation with binary and categori-
cal variables. On the one hand, the interaction term between AI 
orientation (binary) and CEO IT working experience (Model 3, 
β = 0.564, p = 0.123) and the interaction term between the cate-
gorical variable AI orientation (2nd category) and CEO IT work-
ing experience (Model 6, β = 0.487, p = 0.204) are insignificant. 
On the other hand, the interaction term between AI orientation 
(categorical, 3rd category) and CEO IT working experience 
(Model 6, β = 0.691, p = 0.028) and the interaction term between 
AI orientation (continuous) and CEO IT working experience 
(Model 9, β = 0.023, p < 0.001) become more nuanced and signif-
icant. Taken together, these results indicate that the association 
between firms' AI orientation and technological innovation is 
stronger for firms whose CEO has IT-related knowledge in the 
form of IT education. This effect seems to be weaker for IT-
related working experience. Figure 3 illustrates the moderating 
effects. There are many reasons why IT-related education may 
be different from IT-related working experience. One difference 
may be that education for most executives generally predates 

working experience and thus creates stronger imprints on be-
havior and technological capabilities (Dalziel and Basir 2024).

3.3.5   |   Robustness Checks

We conduct robustness tests of our findings (Table 7) for which 
we vary the (1) operationalization of the independent variable, 
(2) dependent variable, and (3) sample. This ensures that our as-
sertions are not driven by unique empirical choices but are gen-
eralizable to different measures and samples.

We first test the robustness of our AI orientation measure. 
First, we winsorize the continuous AI orientation measure 
and rerun the regressions because a small group of highly AI-
oriented firms may drive our findings. This is not the case, 
and the results hold (Models 1–3). Second, we include nega-
tively connotated sentences with AI keywords, as firms may 
treat AI strategically by stating risks in their 10-K or by com-
menting negatively on their competitors' AI-related efforts. 
Our results hold (Model 4). Third, we address the concern that 
10-Ks may be biased to create an advantageous impression. 
Since firms cannot directly influence media coverage, we 
rerun our analyses with a measure of AI orientation based on 
200,000 news articles from renowned publishers accessed via 
Factiva. Our results hold (Models 5–7). Fourth, we replace the 
text-based measure of AI orientation with a continuous mea-
sure of firms' stock of AI employees, that is, the number of em-
ployees with AI-related job profiles, previously established by 
Babina et al. (2024). The results provide additional confidence 
in our findings (Models 8–10). Finally, we replace AI orien-
tation with explorative AI orientation. In line with measur-
ing exploration vs. exploitation focus dichotomously (Uotila 
et  al.  2009), this analysis classifies positively or neutrally 
connotated sentences with at least one keyword from the AI 
orientation dictionary as exploratively AI-oriented if the re-
spective sentence contains more keywords from an existing 
exploration than from an exploitation dictionary (Matthews 
et  al.  2022). Such explorative AI orientation is significantly 
positively related to firms' technological innovation (Model 
11), strengthening our findings.

Subsequently, we test the robustness of our dependent vari-
able, technological innovation. First, we replace patent 
counts with a measure of firms' breadth in technological in-
novation. Breadth is operationalized as the yearly number of 
patent filings within technology classes (Cooperative Patent 
Classification system) that a firm did not explore within the 
past 5 years (Kang and Kim 2020). Our results hold for breadth 
(Model 12). Second, we address a potential truncation bias, 
as patents filed at the end of the sampling period are not yet 
granted and are thus omitted in the data. Following the sug-
gestion of Lerner and Seru (2022), we test for the robustness 
of our findings by (1) excluding the last years of the sample, 
limiting our analyses to the years 2012–2018 to account for 
delays in patent granting, and (2) omitting the computer, elec-
tronics, and chemical industries as these exhibit a dispropor-
tionately high patenting propensity. Our results hold for all 
checks (Models 13–14). Finally, even though patents are a 
widely accepted innovation measure (Savage et al. 2020), we 
check whether AI orientation is equally related to alternative 
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TABLE 6    |    Panel Poisson regression results.

DV: Tech. 
inno.

Binary AI orientation Categorical AI orientation Continuous AI orientation

(1) (2) (3) (4) (5) (6) (7) (8) (9)

AI orientation 0.485† 0.012 0.146 0.023* −0.003 0.001

(1.92) (0.18) (1.40) (2.44) (−0.53) (0.09)

CEO IT 
education

−1.296* −1.319* −0.349**

(−2.40) (−2.48) (−2.63)

AI orientation × 
education

1.425* 0.037***

(2.39) (4.97)

CEO IT work −0.449† −0.434† −0.212

(−1.87) (−1.78) (−1.57)

AI orientation × 
work

0.564 0.023***

(1.54) (3.48)

AI orientation 
(categorical = 2)

0.461† 0.013 0.171†

(1.88) (0.22) (1.72)

AI orientation 
(categorical = 3)

0.706* 0.131 0.169

(2.33) (1.03) (1.33)

AI orientation 
(=2) × 
education

1.369*

(2.21)

AI orientation 
(=3) × 
education

1.511**

(2.81)

AI orientation 
(=2) × work

0.487

(1.27)

AI orientation 
(=3) × work

0.691*

(2.20)

Firm size −0.318 −0.194 −0.262 −0.289 −0.148 −0.246 −0.248 0.067 −0.220

(−1.38) (−1.00) (−1.20) (−1.25) (−0.75) (−1.12) (−0.99) (0.33) (−0.92)

Firm 
profitability

−0.238 −1.119** −0.080 −0.188 −1.020*** 0.003 −0.195 −0.590† 0.160

(−0.56) (−3.13) (−0.18) (−0.46) (−3.37) (0.01) (−0.48) (−1.67) (−0.40)

Firm potential 
slack

−0.000 0.001 0.000 −0.000 0.001 −0.000 −0.000 0.001 −0.000

(−0.04) (1.30) (−0.36) (−0.19) (1.19) (−0.43) (−0.61) (0.86) (−0.65)

Industry 
profitability

0.626 1.269† 0.317 0.509 1.152† 0.187 0.182 0.359 0.083

(1.15) (1.78) (0.70) (0.98) (1.77) (0.41) (0.43) (0.84) (0.20)

Firm R&D 
intensity

0.706 −0.237 0.768 0.691 −0.101 0.833 1.509 1.913 1.684

(0.46) (−0.22) (0.46) (0.45) (−0.09) (0.51) (0.83) (1.34) (0.94)

Firm leverage −0.055 0.012 −0.069† −0.059 0.001 −0.070† −0.103* −0.082 −0.102*

(−1.27) (0.21) (−1.75) (−1.36) (0.02) (−1.80) (−2.22) (−1.29) (−2.33)

Industry 
competition

0.315 0.029 0.191 0.325 0.028 0.191 0.087 −0.195 0.055

(0.87) (0.15) (0.70) (0.91) (0.14) (0.69) (0.35) (−0.68) (0.23)

Firm 
knowledge 
intensity

0.028 0.104 0.004 0.031 0.097 −0.000 0.069 0.049 0.064

(0.35) (1.37) (−0.05) (0.39) (1.23) (0.00) (0.71) (0.54) (0.66)

(Continues)
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innovation measures: the propensity of new technological 
product introductions (Bendig et al. 2023), the scope of mar-
kets that a firm operates in (Hoberg and Phillips  2025), the 
market value of patents (Kogan et al. 2017), and sales growth 
(salest/salest−1) (Schulz et  al.  2023). We find that firms' AI 
orientation is positively associated with all these outcomes 
(Models 15–18), supporting our findings.

Finally, we probe the robustness of our findings to sample changes. 
Following our theorization, our results should be pronounced 
in the high-tech sector. Focusing on high-tech firms shows that 
our results hold with mostly larger coefficients (Models 19–21). 
Further, AI orientation also relates positively to technological in-
novation in a larger sample of S&P 1500 firms (Model 22).

Taken together, we provide a wide array of robustness checks 
that increase the reliability of our findings. Nevertheless, bias 
may be present. To assess the likelihood of such bias, we probe 
the sensitivity of our main estimates to omitted variables. 
Using the robustness of inference to replacement approach 
(Frank et al. 2013), we find that 18.41% (binary), 20.47% (cat-
egorical), and 29.85% (continuous) of our observations would 
need to be replaced with zero-effect observations to invalidate 
our results (Xu et  al.  2019). Thus, omitted variables are un-
likely to bias our results.8

3.3.6   |   Accounting for Endogeneity in Terms 
of Simultaneous Causality

We posit that a firm's degree of AI orientation increases its tech-
nological innovation. Yet, this relationship may also suffer from 
reverse causality, as technologically innovative firms may be 
more likely to use AI since they take technological risks. Thus, 

our independent variable would be correlated with the error 
term of the dependent variable, introducing a bias to our results. 
To address this endogeneity concern, we use an instrumental 
variable approach, two-stage least squares (2SLS), as it is par-
ticularly suited for addressing reverse causality concerns (Hill 
et al. 2021).

For a 2SLS, the instrument must be strongly related to the en-
dogenous variable AI orientation (relevance condition) and un-
related to the error term (exogeneity condition), which means 
only predicting technological innovation through a firm's AI 
orientation (Kennedy 2008). We use the prevalence of dedicated 
data analytics or AI managers in a firm's industry (four-digit SIC 
codes) as an instrument. We measure such prevalence through 
the sum of dedicated management roles within the industry 
excluding the focal firm. Similar to prior work (e.g., Bendig 
et al. 2023; Nath and Bharadwaj 2020), we hand-collect data on 
firms' data analytics or AI managers from firm websites, exten-
sive web searches, and professional social network profiles.

Our instrument is relevant as firms set goals based on their 
peers' behavior (Cyert and March 1963). Also, the Cragg and 
Donald (1993) F-test rejects the null hypothesis of a weak in-
strument. Further, we expect our instrument to be exogenous. 
While firms likely monitor their peers' strategic decisions, 
firms cannot directly influence their peers' decision to employ 
AI managers. We perform a 2SLS for the binary, categorical, 
and continuous measures (Table  8). The F-statistics of 21.87 
(Model 2), 38.22 (Model 4), and 38.62 (Model 6) exceed the 
critical threshold of 10 and the Stock and Yogo  (2005) weak 
identification test's critical value of 10%. In all tests, the coef-
ficient of our instrumental variable is significantly positive in 
the first stage (Models 1, 3, and 5) and AI orientation remains 
significantly positively related to technological innovation 

DV: Tech. 
inno.

Binary AI orientation Categorical AI orientation Continuous AI orientation

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Firm capital 
intensity

−0.433* 0.090 −0.388† −0.343 0.182 −0.347† −0.339 0.189 −0.350

(−1.96) (0.63) (−1.90) (−1.60) (1.25) (−1.66) (−1.52) (0.93) (−1.64)

Market 
turbulence

0.389 0.219 0.434 0.422 0.282 0.444 0.551 0.872* 0.530

(1.33) (1.00) (1.45) (1.41) (1.20) (1.48) (1.47) (2.17) (1.45)

Document 
length

−0.000*** −0.000*** −0.000*** −0.000*** −0.000* −0.000*** −0.000* −0.000 −0.000†

(−3.60) (−3.33) (−4.63) (−3.58) (−2.49) (−3.23) (−2.10) (−0.74) (−1.88)

Year and firm 
FE

Yes Yes Yes Yes Yes Yes Yes Yes Yes

Log pseudolik. −23,322 −13,730 −22,143 −22,967 −13,517 −21,962 −24,479 −18,690 −24,252

Wald Chi2 268.20 453.44 201.40 246.84 821.73 379.71 426.93 764.88 445.47

Pseudo R2 0.324 0.594 0.357 0.330 0.600 0.362 0.292 0.456 0.299

Firm-year obs. 1514 1188 1514 1514 1188 1514 1514 1188 1514

Firms 262 222 262 262 222 262 262 222 262

Note: The t statistics in parentheses. †p < 0.10, *p < 0.05, **p < 0.01, ***p < 0.001. Size, leverage, knowledge intensity, capital intensity, and market turbulence are 
logarithmized. We use McFadden's Pseudo R2, calculated as 1 − loglikelihood of full model (Poisson)

loglikelihood of constant only model (Poisson)
. Pseudo R2 using deviances easily reach values of 0.3 (Mittlböck and 

Waldhör 2000) and are thus to be interpreted with caution.
Abbreviations: DV, dependent variable; FE, fixed effects; obs, observations; pseudolik, pseudolikelihood.

TABLE 6    |    (Continued)
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(Models 2, 4, and 6). This mitigates concerns of reverse cau-
sality and also addresses potential concerns of multicollinear-
ity (Kalnins and Praitis Hill 2025) and omitted variables (Hill 
et al. 2021).

4   |   Discussion and Implications

4.1   |   Discussion of Research Findings

Inspired by the transformative potential of AI for firms (Raisch 
and Krakowski 2021), we asked two research questions: How 
do firms establish a strategic AI orientation? To what extent 
does a firm's strategic AI orientation affect its technological in-
novation outcomes? Using a sequential explore and test design 
with a qualitative pre-study and a quantitative main study, 
we further develop the construct of strategic AI orientation. 
Taken together, both studies indicate the presence of a strate-
gic AI orientation in large, mature firms and its positive asso-
ciation with technological innovation through the mechanism 
of managerial attention.

First, our qualitative pre-study indicates that managerial at-
tention to AI is expanding, covering both the technology itself 
and, more recently, also the overarching strategic management 
of AI. According to our interviewees, this is largely driven by 
the top management's focus on AI. Answering a recent call for 
research on how to capture value from AI (Berg et al. 2023), 
our focus on managerial attention offers a valuable perspec-
tive to understand why the sole availability of complemen-
tary resources is insufficient to create value from AI. Instead, 
managerial attention to AI ensures a targeted orchestration 
of complementary resources to achieve AI-related strategic 
goals. Thus, the perspective of managerial attention substan-
tiates that technology is not limited to the operational level 
but is also a strategic choice (e.g., Gatignon and Xuereb 1997; 
Guo et al. 2020).

Second, our quantitative main study indicates that greater AI 
orientation positively relates to a firm's technological innova-
tion output across technological domains. Extending the view 
of AI as a general-purpose technology (Goldfarb et al. 2023), our 

finding shows that firms' strategic AI orientation functions as a 
broad enabler of technological innovation, potentially enhanc-
ing firms' agility and learning. This is intriguing as it contrasts 
with the impact of productively using AI as a substitute for hu-
mans, which jeopardizes learning by reducing routine and back-
ground knowledge diversity (Balasubramanian et al. 2022). In 
contrast, our empirical evidence suggests that a firm-wide AI 
orientation enhances cross-domain collaboration, enabled by 
managerial oversight.

Third, we find that CEOs' IT education, as a proxy for under-
standing the technical component of AI, strengthens the rela-
tionship between strategic AI orientation and technological 
innovation. Interestingly, CEOs' prior IT working experience 
does not consistently strengthen the relationship. This is inter-
esting, as IT working experience is often seen as a proxy for the 
knowledge of industry dynamics and thus as knowledge about 
the orchestration of complementary resources to create value 
from technology. However, IT working experience might be less 
impactful due to AI's recent emergence in firms' day-to-day use 
and its clear differentiation from previous digital technologies 
(McElheran et al. 2024). Thus, CEOs may lack sufficient long-
term experience with industry dynamics in the AI era. Besides, 
education precedes working experience and thus leaves stronger 
cognitive and behavioral imprints (e.g., Dalziel and Basir 2024). 
As a result, IT education rather than working experience seems 
to enable CEOs to navigate the AI transformation. We elaborate 
on the theoretical contributions that arise from these findings in 
the next chapter.

4.2   |   Theoretical Contributions

Scholarly interest at the intersection of technology and inno-
vation management has increased exponentially given digi-
tal technologies' disruptive role for innovation (e.g., Benbya 
et al. 2024; Wetzels 2021). The increasing relevance of AI, accel-
erated through the development of generative AI, works like a 
prism, opening more diverse unanswered questions at the nexus 
of AI and innovation management (Bouschery et  al.  2023). 
Particularly, firm-level research on AI's role for innovation out-
comes has many unanswered questions, mainly due to a lack 

FIGURE 3    |    Interaction plots. The figure illustrates the predictive margins of the interaction between the continuous measure of AI orientation 
and CEO IT education (Table 6, Model 8) and CEO IT working experience (Table 6, Model 9).
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of firm-level AI data. We address the need for more research in 
this area by (1) unveiling the relevance of the information sys-
tems construct AI orientation for the innovation management 
literature and by concretizing its mechanisms as well as (2) es-
tablishing AI orientation's relationship with firms' technological 
innovation outcomes. We outline the relevance of these contri-
butions for different audiences in management research below.

First, we contribute to innovation management research by un-
veiling the relevance of the information systems construct AI 
orientation, including refining it by establishing its building 
blocks and highlighting its importance for innovation and strat-
egy research. While AI orientation was intended as a framework 
that guides scholars (managers) in examining how firms invest 
in, manage, and apply AI (J. Li, Li, Wang, and Thatcher 2021), 
it has not been studied whether managers perceive it to exist, 
ascribe a strategic relevance to it, and how firms develop such 
a strategic AI orientation. Thus, we validate the construct with 
a qualitative study and extend the construct and its definition 
with a particular emphasis on managerial attention. While the 
original definition focuses on a firm's strategic direction in a 
more abstract way, we highlight that such a direction is contin-
gent on managerial attention to several building blocks: techni-
cal infrastructure, capability building, organizational artifacts, 
cooperations, top management support, and strategy (Table 3). 
As a result, our study is useful for innovation and technology 
management scholars who seek more in-depth insight into the 
concrete steps firms take to embed AI strategically. Highlighting 
these mechanisms through which strategic AI orientation and 

competitive advantage are linked ultimately addresses calls 
for empirical research on the relationship between firms' com-
petitive advantage and their development of specialized assets, 
capabilities, as well as situated agency for AI (Berg et al. 2023; 
Helfat et al. 2023; Kemp 2024). Further, we also address a call 
for research on the changing nature of organizing and the 
attention-based view (Joseph et al. 2024). While we know much 
about large hierarchical firms, our qualitative pre-study shows, 
in addition, how large firms establish completely new topics, 
such as AI, within their established structures by focusing on 
multiple but related dimensions, such as technology, capabili-
ties, and governance. Taken together, we provide novel insights 
at the intersection of innovation, technology, and strategy that 
extend our understanding of the construct strategic AI orienta-
tion and establish mechanisms through which it affects firms' 
competitive advantage.

Second, we establish a positive link between AI and innovation 
from a strategic perspective. This is vital, as AI scholarship is 
still debating whether firms' AI use may foster or hinder inno-
vation. On the one hand, deploying AI could enhance innova-
tion by overcoming humans' cognitive limitations, identifying 
data patterns, and enabling humans to focus on complex tasks 
(Eicke et al. 2025; Jia et al. 2023; Sturm et al. 2021). On the other 
hand, its input incompleteness, reliance on historical data, and 
the restriction of organizational background knowledge may 
inhibit innovation (Balasubramanian et  al.  2022; Choudhury 
et  al.  2020). We take a stance in this debate by highlighting 
the positive effects of a strategic orientation toward AI that 

TABLE 8    |    Instrumental variable regression.

Binary AI orientation Categorical AI orientation Continuous AI orientation

(1) First 
stage 

(DV = AI)

(2) Second stage 
(DV = Tech. 

inno.)

(3) First 
stage 

(DV = AI)

(4) Second stage 
(DV = Tech. 

inno.)

(5) First 
stage 

(DV = AI)

(6) Second stage 
(DV = Tech. 

inno.)

AI orientation 2103.996*** 1300.136*** 152.855***

(4.29) (5.35) (5.65)

Industry AI 
manager 
prevalence

0.047*** 0.075*** 0.641***

(4.68) (6.18) (6.21)

Cragg–Donald 
Wald F statistic

21.87*** 38.22*** 38.62***

Stock–Yogo 
critical values 
(10% max. IV 
size)

16.38 16.38 16.38

Firm-fixed 
effects

Yes Yes Yes Yes Yes Yes

Full controls 
included

Yes Yes Yes Yes Yes Yes

Firm-year 
observations

1531 1531 1531 1531 1531 1531

Firms 266 266 266 266 266 266

Note: The t statistics in parentheses. †p < 0.10; *p < 0.05; **p < 0.01; ***p < 0.001.
Abbreviation: DV, dependent variable.
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increases firms' patenting outcomes across technology domains. 
Our article reveals that for strategic AI orientation, the positive 
influence of AI seems to outweigh its drawbacks, as managers' 
attention to the strategic embedding of AI enhances their firms' 
technological innovativeness. This is important in two ways. 
First, prior research on strategic AI orientation had not exam-
ined its relationship with technological innovation outcomes. By 
establishing this link, we deepen the understanding of the con-
sequences of firms' strategic AI orientation. Second, prior work 
on AI use and innovation had only focused on a subset of firms 
that have productively integrated AI in their product and service 
offerings (e.g., Igna and Venturini  2023; Rammer et  al.  2022; 
Verganti et  al.  2020). However, focusing only on firms with a 
mature use of AI limits the external validity of studies, as it com-
pels scholars to focus on specific use cases (Verganti et al. 2020) 
or types of AI technologies such as image recognition or natural 
language processing (Rammer et al. 2022). Although important, 
this limits the generalizability to other use cases and AI technol-
ogies. We enhance the external validity by taking the reality of 
most firms into account, which are preparing for the AI trans-
formation but are far from intensively integrating AI into their 
products and services. As such, we position a holistic strategic 
perspective on AI simultaneously as a prerequisite and contin-
uous facilitator of productive AI use. Importantly, our findings 
also strengthen the internal validity of AI and innovation re-
search. Studying the link between strategic AI orientation and 
multiple facets of firms' innovativeness, as well as firm growth 
and scope in robustness tests (Tables 6 and 7), we validate AI's 
theoretical impact as general purpose technology. Enhancing 
the internal validity in such ways is key to accumulating a body 
of research that provides nuanced insights which ultimately 
allow us to infer under which conditions firms obtain sustained 
competitive advantage through AI (Helfat et al. 2023). Overall, 
these contributions enhance innovation and strategy research 
in times of AI.

4.3   |   Practical Implications

AI has a more transformative impact on firms than most other 
technologies as it greatly affects firms' knowledge creation. 
However, we show that firms only obtain such benefits with 
managerial focus, adapting organizational structures, gover-
nance mechanisms, and resources. Drawing on the qualitative 
results (Table 3), our general managerial recommendation is to 
think about AI holistically; that means not only about the tech-
nological capabilities but also about the necessary concomitant 
changes to firm strategies and operations, which are the en-
ablers of innovation benefits from AI. This overarching recom-
mendation can also be segmented into steps.

First, consider people as much as technology. Hiring and 
training employees with measurable AI literacy is vital to 
leverage AI's full potential in terms of innovativeness while 
avoiding unprofitable investments from undirected AI use. 
Importantly, managers must understand AI's transformative 
potential and ensure its strategic embedding. Consistently, we 
find that CEOs with formalized IT education can better con-
vert an AI strategy into technological innovation outcomes. 
Hence, appointing tech-savvy managers is key to unlocking 
AI's potential. Second, managers should adjust the firms' 

structure to enable specialization and interdepartmental col-
laboration simultaneously. Interviews with senior AI manag-
ers reveal the value of specialized AI departments to maintain 
an overview, while AI business translators and multiplicators 
spread AI-related knowledge and AI impact cases within the 
firm. Third, managers should leverage AI's innovative poten-
tial. We show that a greater AI orientation increases firms' 
innovativeness across technological domains. By leveraging 
this innovation potential, a greater AI orientation not only 
supports firms' existing business and technology strategies 
but can redefine them.

4.4   |   Limitations and Future Research

Despite careful theorizing and extensive analyses, our study 
is not without its limitations. First, although our reasoning is 
thoroughly embedded in the attention-based view, we do not ex-
plicitly test a mediating effect of managers' focus of attention, as 
such a focus in large samples is generally also measured through 
CATA (Zhong et al. 2021) just as AI orientation. Thus, a medi-
ation analysis would examine the link between keyword sets, 
having limited expressive power. Hence, we use an extensive 
qualitative pre-study to provide initial support for this mecha-
nism as interviewees stress their firm's strategic orientation to-
ward AI. This opens opportunities for future research that we 
could not address in our design. For instance, future studies may 
examine through which channels firms develop managerial at-
tention toward AI and how they internalize related knowledge, 
such as through acquisitions of AI startups, hiring of AI manag-
ers, or alliances with specialized AI firms.

Second, according to our results, an AI orientation relates pos-
itively to firms' technological innovation across technological 
domains. However, we currently do not study how a strategic AI 
orientation may span domains. Thus, future studies may inves-
tigate the technological innovation trajectories associated with 
greater AI orientation. For instance, whether firms transition 
incrementally across domains or jump discontinuously (see also 
Kang and Kim 2020).

Third, AI technologies and how firms use them are going to 
change in the future, raising questions about the longevity of 
the construct strategic AI orientation and its relationship to in-
novation. While AI is likely to enable lasting business changes 
(Goldman Sachs  2023), AI applications will evolve and firms' 
strategic AI orientation will adapt. This creates opportuni-
ties to examine the development of firms' AI orientation over 
time, for example, regarding its speed and rhythm. Similarly, 
future studies may examine whether an AI orientation leads to 
sustained competitive advantage over time or whether it only 
enables first-mover advantages. Further, despite the rapid de-
velopment of new AI technologies, only a very limited number 
of firms are steering this development (IBM 2024) and have ac-
quired AI-related employees at scale (Babina et al. 2024). To bet-
ter understand this “AI divide” (McElheran et al. 2024, 375), we 
encourage scholars to examine drivers of AI orientation, such as 
top management behaviors or industry dynamics.

Fourth, beyond exploring why firms differ in their AI orienta-
tion, research may provide insights into the conditions under 
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which firms can create disproportionate value from AI de-
ployment. We currently know little about the organizational 
structures and incentive systems that are best suited to en-
hance firms' value creation from AI. Interestingly, Valentine 
et  al.  (2024) show that AI may reorganize firms' structures, 
warranting a more nuanced exploration of the interplay be-
tween AI and organizational design. Along the same lines, the 
dimensions of AI orientation outlined in Table 3 offer various 
avenues for further research that can expand the boundaries of 
innovation management research by integrating insights from 
domains such as information systems, organizational behavior, 
or human resource management. For instance, the theme tech-
nical infrastructure sparks questions on how AI redefines firms' 
IT processes and which role platforms play in this development 
(Gregory et al. 2021). The emerging role of business translators 
warrants further exploration of the emergence and volatility of 
skills in the AI era (Felten et al. 2021; Strich et al. 2021), while 
studying cooperation mechanisms for AI orientation can ad-
vance the understanding of network ties (Soluk et al. 2025).

Finally, taking a strategic orientation perspective on AI raises 
the question of whether and with what outcomes firms (do 

not) exhibit strategic perspectives on other technologies such 
as blockchain, quantum computing, or the metaverse. Future 
research could replicate our approach for numerous other 
promising technologies that might become general-purpose 
technologies. Table  9 summarizes the avenues for future re-
search, of which we hope that they inspire and provoke further 
research in the emerging algorithmic era.

5   |   Conclusion

Despite burgeoning research at the AI-innovation-nexus, we 
have limited insights into AI's impact on firms' innovation 
outcomes. While initial research advances our insights into 
the productive use of AI and its consequences for innovation, 
this excludes most firms in practice, as they are far from hav-
ing used AI productively. Instead, firms currently build stra-
tegic AI orientations by directing managerial attention to AI 
and by developing AI strategies. Combining qualitative and 
quantitative work, we find that managers perceive a strategic 
AI orientation as present and valuable, which is reflected in 
our quantitative study as firms with a strategic AI orientation 

TABLE 9    |    Avenues for further research.

Future research directions

Consequences of AI orientation •	 To what extent does a strategic AI orientation enhance organizational 
learning and firms' agility?

•	 To what extent do firms with a stronger AI orientation engage in the 
internalization of AI-related knowledge, e.g., through acquisitions of 
technology startups or through hiring?

AI orientation and trajectories of technological 
innovation

•	 To what extent does a strategic AI orientation enhance technological 
innovation differently across domains? Are those domains clustered, e.g., 
by their vicinity to prior innovations of a firm?

•	 To what extent does a strategic AI orientation lead to discontinuous radical 
innovation or incremental innovation?

AI orientation over time •	 How is a firm's AI orientation developing over time, e.g., regarding the 
speed or rhythm of development?

•	 To what extent do certain events disproportionately increase firms' 
strategic AI orientation?

AI divide •	 Why do firms differ in their degree of strategic AI orientation? To what 
extent do top management team characteristics, competitors' behavior, and 
environmental dynamics explain this AI divide?

Dimensions of AI orientation •	 How do adjacent research domains like information systems, human 
resources, or organizational behavior inform our understanding of the 
dimensions of AI orientation?

•	 How does a strategic AI orientation reshape technical processes, skill 
requirements, and the nature of network ties?

AI orientation and organizational design •	 Which organizational designs, such as structures or incentive systems, 
strengthen the relationship between strategic AI orientation and firms' 
value creation?

•	 To what extent does a firm's AI orientation change corporate structures?

Strategic perspectives on technology •	 When do firms exhibit strategic perspectives on other technologies?
•	 To what extent do strategic perspectives on other technologies explain 

behaviors or performance that are not explainable by the quantity or 
quality of productively using these technologies?
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have a greater innovative output. These insights extend cur-
rent knowledge by unveiling the importance of the construct 
AI orientation for innovation research, integrating prior am-
biguous predictions on the relationship between AI and in-
novation. Thereby, we offer a starting point for firm-level 
strategic AI research.
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Endnotes

	1	In addition, focusing on mature firms is appropriate as they do not 
change their strategic trajectories, as in our case strategic AI orien-
tation, too frequently. In contrast, young firms are often prone to 
pivoting their strategy which makes long-term planning and the devel-
opment of strategic orientations unfeasible.

	2	More descriptive information about the interviewees can be found in 
Appendix S1.

	3	To merge patent and firm data, we address ambiguous firm names 
(identifiers) and complex ownership structures. Like Arora et al. (2021), 
we first use an exact name match, then standardize names and legal 
entities to match again. We perform a fuzzy match with manual checks 
for the remaining firms. We aggregate data on the parent firm level, 
using ownership data from Osiris. This is vital as authorities assign 
patents to subsidiaries and parent firms, biasing the analysis if over-
looking subsidiaries' patents (Arora et al. 2021).

	4	We extend J. Li, Li, Wang, and Thatcher's (2021) binary measure of AI 
orientation, which is based on 19 AI keywords from a news article, text 
mining in annual reports based on these words, and the manual expert 
validation of this approach.

	5	We chose a Poisson instead of a negative binomial panel regression 
since negative binomial panel regressions with fixed effects tend to 
state incorrect confidence intervals (Allison and Waterman 2002).

	6	As concerns may emerge regarding R&D intensity and industry profit-
ability, we rerun our regressions without them and find similar results 
in terms of significance and magnitude. Thus, we do not see multicol-
linearity as a major concern for our estimation.

	7	Calculations show that a 25% increase in patents would equal about 
USD 183 million for Microsoft (3248 patents in 2019 × USD 56,250). 
For IBM, an increase would equal USD 532 million (9459 patents in 
2019 × USD 56,250).

	8	We also conducted more general robustness tests (Appendix S5), such 
as varying the model specification (random effects, more controls) or 
dropping observations with short annual reports (< 2000 words).
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