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The application of Al is expected to enable new opportunities for innovation management and reshape inno-
vation practice in organizations. Our exploratory study among 150 Al-savvy innovation managers reveals four
different clusters in terms of how organizations may use and implement Al in their innovation management
ranging from (1) Al-Frontrunners, (2) Al-Practitioners, and (3) Al-Occasional innovators to (4) Non-Al in-
novators. The different groups vary not only in their strategy, organizational structure, and skill-building but also

in their perceived potential, understanding of the required changes, encountered challenges, and organizational
contexts. Our study contributes to a better understanding of the current state of Al-based innovation manage-
ment, its impact on future innovation practice, and differences in organizations’ Al ambitions and chosen

implementation approaches.

1. Introduction

The prospects for (AI) in business and the global economy are
thrilling. The idea that Al — and machine learning in particular — will
increasingly match or exceed human performance, take on work roles,
fundamentally transform the operational foundation of business, and
disrupt management practices holds considerable potential (Agrawal
et al., 2017; Lakhani and Iansiti, 2020; von Krogh, 2018). Generally, the
premise is that Al will enhance human capacities, perform tasks or solve
problems faster, deliver better outcomes, and deliver higher efficiencies
(Agrawal et al., 2019; Wilson and Daugherty, 2018).

Al is not only a new technology leading to game-changing products
and services and transforming existing processes to be done faster,
cheaper, and with higher quality; it is considered the most important
general-purpose technology of our times (Brynjolfsson and McAfee,
2017). Al is expected to transform every industry, just as the Internet did
30 years ago or electricity 100 years ago, creating an estimated GDP
growth of $13 trillion between now and 2030 (Bughin et al., 2018).

Al will fundamentally change the way companies work — how they
operate and how they compete (Lakhani and Iansiti, 2020). AI will also
challenge the core axioms and assumptions underlying the innovation
process and its management (Benner and Tushman, 2015; Cockburn
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et al., 2019; Haefner et al., 2021; Keding, 2021; Nambisan et al., 2017).
The central proposition is that Al has the potential to transform the
innovation management practice by enabling a much more effective and
efficient innovation process and so herald a new innovation era. How-
ever, our knowledge of how to apply Al for innovation management is
still sparse, and managers are struggling to find the most appropriate
approach for applying Al in their innovation efforts. The objective of this
article is to fill the gap by exploring how managers perceive the potential
of Al for innovation management and what kind of impact they expect
on the setup of their innovation processes. More precisely, we explore
how innovation managers differ in their views on how Al may impact
their innovation management practices as well as how they plan to
implement and use Al for certain innovation tasks within their organi-
zations. In doing so, we define Al-based innovation management as the
application of Al technologies that extend, complement, or even sub-
stitute human capabilities to efficiently and systematically develop and
promote innovations in organizations, ranging from the identification of
promising opportunities to successful market launch.

In our exploratory study with 150 Al-savvy innovation managers, we
reveal four major insights into the upcoming Al-based innovation
management era. (1) Al-based innovation management has the potential
to usher in a new seventh paradigm of innovation management. Our
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Table 1
Evolution of innovation process models.
Generation Model Features
First — 1950s- Technology Simple linear sequential model; emphasis on
push R&D

Second — mid- Market pull Simple linear sequential model; emphasis on

1960s- marketing
Third - early- Push-pull Integration of R&D and marketing
1970s-
Fourth — mid- Parallel Combinations of push and pull
1980s- processing
Fifth — early- E-integration Integration of information technology (IT)
2000s- into innovation systems
Sixth — mid- Network Systems integration and extensive
2000s- innovation networking, continuous innovation

Source: Modified from Rothwell (1994), Tidd and Bessant (2013).

findings show that a vast majority of innovation managers agree on the
high potential of Al to significantly increase the effectiveness and effi-
ciency of certain innovation tasks. Our findings further show that (2) AlI-
based innovation management requires substantial technical and orga-
nizational changes to cope with the associated challenges; our group
comparisons reveal that Al-innovators vary in the implementation
challenges they face, such as insufficient access to data or a lack of
technical expertise. In terms of organizational challenges, they mainly
differ in their experience with and expertise in Al as well as in the size of
the company, which may limit the available resources that can be
allocated to Al-based innovation initiatives. Our study further shows
that (3) Al-based innovation management cannot be implemented with
a one-size-fits-all approach. Organizations clearly differ in their prefer-
ences of how they may use and implement Al-based innovation man-
agement. Building on a systematic perspective of the innovation process
(Roberts, 2007), we identify four major implementation clusters:
Al-Frontrunners (37.3%), Al-Practitioners (25.3%), Al-Occasional in-
novators (26%), and Non-Al innovators (11.3%).

Furthermore, our findings show that (4) Al-based innovation man-
agement needs adequate implementation to tap the full potential. Al
implementation managers must ensure that major internal stakeholders
and external partners are aligned and compliant with the Al-based
innovation management goals. Our findings also provide practical
guidance for organizations and their innovation managers regarding the
potential benefits and barriers of Al-based innovation management as
well as success factors for implementation. Overall, organizations
consider Al technologies as powerful means to improve their innovation
performance and assist innovation teams in their innovation activities.

The paper is structured as follows: First, we provide the theoretical
background for our study and provide an overview of current innovation
management practices. We conceptualize how Al may affect innovation
management — how it may change it and help boost current innovation
practices. Building on the theoretical background, our empirical study
explores how managers and innovation practitioners perceive the po-
tential of Al for innovation management and how they plan to apply Al
in their innovation processes. Then, we discuss our findings, and the
theoretical and practical implications.

2. Theoretical background
2.1. Innovation management

Understanding how to manage innovation is fundamental, especially
when innovation is crucial for corporate growth and competitive
advantage (Ahmed and Shepherd, 2010). The innovation process typi-
cally describes the sequence of various activities performed to realize an
opportunity and bring an idea to market (Ahmed and Shepherd, 2010;
Tidd and Bessant, 2013). In innovation management literature, diverse
approaches to manage innovation or broader R&D processes have been
attempted, with various stages ranging from idea generation through the
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implementation and launch of a product (Cooper, 1986; Rogers, 2003;
Rothwell, 1994; Tidd and Bessant, 2013) Roberts (2007, p. 36)., states
that “’innovation is composed of two parts: (1) the generation of an idea
or invention, and (2) the conversion of that invention into a business or
other useful application [...] innovation includes all of the stages from
the technical invention to final commercialization.” To better represent
the complexity as well as the variety of activities within the innovation
process, scholars applied a more granulated approach and divided the
innovation process into various phases ranging from three to seven
phases. Exemplarily, Tidd and Bessant (2013) illustrate an innovation
process involving four phases: (1) searching — analyzing the internal and
external environment for, and managing relevant signals about, threats
and opportunities for innovation; (2) selecting — deciding based on the
innovation strategy how the organization can respond to the signals; (3)
implementing — pursuing relevant ideas to develop new products and
services; (4) learning — building the knowledge base and constantly
improving the innovation process through this cycle.

Roberts and Frohman (1978), for example, suggest a technological
innovation process along seven stages: opportunity recognition, idea
formulation, basic/applied research, prototype solution development,
standardization, manufacturing, and commercialization Kumar et al.
(1996). define five stages: initial projection, commercial evaluation,
development, manufacturing launch, and initial commercialization.

While innovative organizations adapt their innovation process and
define the sequence and granularity of activities, various approaches to
managing innovation have been evolved over the years, beginning with
simple linear models (first and second generation) to increasingly
complex interactive models (fourth-sixth generation) (Ahmed and
Shepherd, 2010; Tidd and Bessant, 2013) Table 1. shows the evolution
of the innovation model, and the phases further help define the trajec-
tory for future progress in the management of innovation (Rothwell,
1994; Ahmed and Shepherd, 2010; Tidd and Bessant, 2013). Within the
first generation (the 1950s) — known as technology-push — new tech-
nological opportunities increased productivity among various sectors
and industries. Organizations emphasized research and development to
further improve products (Rothwell, 1994). As competitive pressure
intensified over time, it became clear that technology-push was failing
new market environments and the second-generation innovation model
— also referred to as the market-pull model — was developed. While the
technology-push model emphasized research and development, the
market-pull model incorporated the market focus into the innovation
process to overcome the technology-push’s blindness to customers’
needs. Within this generation, most companies adapted existing prod-
ucts to meet changing customer requirements. By doing so, companies
began to suffer from a further weakening of research and development
and risked being outstripped by radical innovators. To counter these
weaknesses, in the third generation (the early 1970s) — push-pull inno-
vation — a combination of technology-push and market-pull was devel-
oped. The innovation model is also known as the interactive, “coupling”
model, which combined a sequential process with feedback loops
(Rothwell, 1994). With time, while markets became further inter-
nationalized, competition increased, and product life cycles shortened,
it became clear that the pace of development was essential to stay
competitive. The fourth generation (the mid-1980s) emerged and
focused on integration and parallel development, and was therefore also
referred to as interactive-parallel processing innovation. While tradi-
tional innovation approaches - like the popular stage-gate model — have
been developed for new product development in stable and predictable
environments (Cooper, 1986; Smith, 2007), organizations need to adjust
to unpredictable occurrences in the face of change. Faster product life
cycles, constantly changing customer needs, emerging technologies, and
high uncertainties challenge organizations to exploit current competi-
tive advantages while simultaneously exploring new potential advan-
tages (O’Reilly and Tushman, 2011). Traditional innovation processes
were often criticized as being too linear and rigid to handle more
innovative and dynamic projects; thus, later research suggests a next
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generation innovation process should be more adaptive, flexible, agile,
and accelerated (Cooper, 2014). This process consists of multiple spirals
or iteration loops, allowing more experimentation with users and faster
learning. Besides integrating external networks (such as suppliers) in the
early phases of innovation, the innovation process can also be improved
and accelerated by simultaneously aligning and integrating the activities
of different functional parties (working on the innovation) in parallel
rather than sequentially. Progress in information technology (IT) further
developed the innovation model and induced integrated and concurrent
product development. Thereby the fifth generation (2000) — e-integrated
innovation — focused on integrating IT-based tools to speed up the
innovation process and add more flexibility. The sixth generation (the
early 2000s) — also referred to as network innovation — is seen as the
latest innovation model and puts greater emphasis on networking as
well as the horizontal and vertical integration of external partners via
strategic collaborations along the supply chain (Ahmed and Shepherd,
2010; Tidd and Bessant, 2013). Innovation management literature
further embraced open innovation approaches to foster collaboration
with internal and external partners like universities, research institutes,
companies from different industries, and start-ups as sources of inspi-
ration and innovation (Chesbrough, 2003). Various agile and lean
innovation formats like innovation labs, jam sessions, lean start-up
camps, corporate incubators, and accelerators have evolved to spur
innovation management agility and benefit from start-up thinking
(Chesbrough, 2003; Fecher et al., 2020; Kohler, 2016).

Companies have experimented with diverse approaches to managing
innovation processes over the years (as shown in Table 1), starting with
rather rudimentary approaches and building to more sophisticated and
complex innovation management systems; Al, however, may take the
idea-to-launch innovation process to the next even more advanced
seventh stage (Haefner et al., 2021). The next (r)evolution in innovation
management and innovation process models may be Al-based and rely
on the potential of AI to make innovation management more efficient
and reduce risks. While systematic innovation processes provide an-
swers to crucial questions, e.g. how we can systematically identify op-
portunities and realize them (Tidd et al., 2005), Al can strengthen the
innovation capabilities and support current human-centered decisions
to sense opportunities in the environment and predict changes (Cock-
burn et al., 2019). The ingredients for a breakthrough in innovation
management are in place as computational power is growing notably,
algorithms are becoming more available and effective, and vast quan-
tities of data are generated every day. The following sections discuss
Al-based innovation management in more detail.

2.2. Al-based innovation management

Machines powered by Al are already capable of handling many tasks
today that not long ago were assumed to be "human" tasks that required
human cognition. For instance, machines can identify complex patterns,
synthesize information, draw conclusions, provide predictions, or
execute problem-solving duties (Agrawal et al., 2019; Brynjolfsson and
McAfee, 2017). Thus, we are interested in how these Al-based applica-
tions change how we innovate and allow for better and more efficient
innovation management.

To frame our discussion and demonstrate how Al can improve,
accelerate, or partially-autonomously conduct tasks along the idea-to-
launch innovation process, we will build upon the previously dis-
cussed innovation process defined by Rogers (2003). The innovation
process follows four phases, and in the following, we discuss examples of
associated tasks Al could support:

(1) opportunity identification and idea generation - e.g. identifying
user needs, scouting promising technologies, generating ideas;

(2) idea evaluation and selection — e.g. idea assessment, evaluation;

(3) concept and solution development — e.g. prototyping, concept
testing; and
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(4) commercialization launch phase — e.g. marketing, sales, pricing.

(1) Opportunity identification and idea generation phase: Al may
help overcome humanity’s information processing constraints in the
opportunity identification and idea generation phase. Al systems use
machine learning algorithms that demand and process vast amounts of
data (Brynjolfsson and McAfee, 2017). They can recognize problems,
opportunities, and threats above and beyond local search routines and
knowledge domains, which may be helpful to discover and generate new
ideas (Haefner et al., 2021). Indeed, we find several interesting appli-
cations of Al across various domains. A German manufacturer of per-
sonal care products used Al algorithms to analyze online discussion
forums and extract new customer needs from almost two million posts
related to body care. An American manufacturer of semiconductor chips
used Al to identify potential lead users and derive key problem areas
associated with their products based on their internet postings (Kakat-
kar et al., 2020). As the examples show, Al offers promising methods for
idea and opportunity generation, especially by identifying relevant
consumer needs and problems. Al provides further information to
generate novel ideas in at least two different ways. In the first, smart
algorithms, using extensive training data and xisting rules, supported by
ever-increasing information-processing power, make it possible for Al
systems to provide valuable insights to generate novel ideas by exploring
solutions much more efficiently (Haefner et al., 2021). As a conse-
quence, novel insights are generated by solving previously unsolvable
problems. This is especially true in “structured” fields like biology,
chemistry, materials science, and drug discovery, where previously
search for solutions was very slow and expensive, as it asked for
exploring vast combinatorial spaces. Probably, the most visible example
of how AI provides the basis for novel ideas generation in this way is Al
(i.e., machine learning) solving the “protein folding problem”, one of the
most significant remaining scientific challenges (DeepMind, 2020). In a
second way, Al is used to create novel ideas by completing more creative
tasks, such as generating original music (TNW, 2020a, 2020b); short
movies (Ars Technica, 2021), and graphical designs (TNW, 2020c). For
example, Nikolay Ironov, an Al-powered graphical designer, was
developed by Art.Lebedev Studio (Lebedev Studio, 2020). Nikolay
created several original visual identities for companies ranging from
logos to entire brand identities, which were commissioned and paid for
before it was disclosed that Nikolay was not a human. To generate novel
ideas, a neural network needs to be trained on a dataset of text-image
pairs, supplemented by applying additional algorithms that scale,
smooth, and simplify the design, and generate different color schemes
and fonts (TNW, 2020c). However, we are still facing constraints and
downsides as the generation of novel ideas is based on decomposing
existing solutions rather than on creating entirely new ideas. Al-based
idea generation is still highly dependent on the context and available
data.

(2) Idea evaluation and selection phase: The idea selection phase
requires knowledge and experience to identify the best from a multitude
of ideas. While a clear set of evaluation criteria and having trained
people on the selection team are critical for idea selection, decisions are
often based on limited or partial information, subject to cognitive biases
and limited knowledge. Furthermore, idea selection is often dependent
on network connections and highly subjective (Hofstetter et al., 2018).
The HiPPO method - relying on the highest-paid person’s opinion - still
commonly serves as the dominant selection criteria (Lakhani, 2016).
With the advent of machine learning, information processing and
decision-making can be supported and in some cases even taken over by
Al (Verganti et al., 2020). Al has the potential to substantially support
idea selection by providing more and nonbiased information and in-
sights. It may improve the organization’s ability to select and invest in
ideas that could create its next competitive advantage (Haefner et al.,
2021). An American food company, for example, applied unsupervised
machine learning to support the selection of best product ideas. They
applied the LDA topic model to textual descriptions of solutions (i.e.,
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flavor, color, taste, etc.) and further applied a supervised random forest
machine learning algorithm to identify which features of the product
ideas contribute to excellent evaluations (Kakatkar et al., 2020). The
example shows how the advent of Al may change the way information is
processed and support innovation managers in selecting ideas through
an Al-based content analysis.

(3) Concept and solution development phase: The concept and so-
lution development phase aims to develop and build ready-to-use so-
lutions that can be brought to the market. Prototypes are built and tested
to drive the new product or service through a series of validation cycles
to learn and optimize its feasibility, desirability, and viability and bring
it closer to commercialization. Build-measure-learn loops are commonly
applied for developing, testing, and obtaining feedback when intro-
ducing new products (Ries, 2011). While feedback gathering and
analyzing methods remain immensely important in the concept and
solution development phase, Al provides several possibilities to learn
faster and improve these experimentation cycles. Data-oriented deci-
sion-making and seamless testing have been infused into the product
prototyping process with the support of Al For example, generative
design applications (Krish, 2011) based on machine learning algorithms
offer benefits by providing a more comprehensive range of design op-
tions and optimizing for materials, costs and manufacturing methods.
General Motors, for example, leveraged generative design and explored
150 design permutations to reduce the weight of its vehicles — making
the parts 40% lighter and 20% stronger than the original components
(Autodesk, 2018).

(4) Launch and implementation phase: The launch and imple-
mentation phase entails marketing, distribution, logistics, and customer-
facing activities. Organizations can leverage individual customer infor-
mation and Al technology to offer curated products and services (Gioia
and Chittipeddi, 1991; Kumar et al., 2019). AI may help organizations
gain insights from a vast number of customers and transaction data —
involving numeric, text, voice, image, or facial expression data — to
predict what customers are likely to buy and deploy targeted digital
advertising in real-time (Davenport et al., 2019). Netflix and Amazon,
just to name two examples, monitor customers’ online activities and
apply recommendation algorithms to individualize the service and make
product recommendations about what to watch or what to buy (Anto-
nio, 2018).

By breaking down the innovation process into various phases and
constituent activities, we see how Al may affect the innovation game.
However, the innovation process does not occur within a vacuum, and
research indicates a range of contextual factors that may impact orga-
nizations’ decisions about deploying Al-based innovation management
(Ahmed and Shepherd, 2010; Rothwell, 1994; Tidd and Bessant, 2013).

2.3. The organizational setup for Al-based innovation management

Purposeful innovation management and its activities are rather
complex tasks. They require consideration of a sound innovation strat-
egy, an effective organizational structure, and dedicated people equip-
ped with the right mindset, necessary skills, and appropriate innovation
tools (Clark and Wheelwright, 1995; Roberts, 2007) Roberts (2007).
defines three critical dimensions of successful innovation management:
(1) skills, (2) structure, and (3) strategy. In the following, we discuss
how these dimensions may be affected by Al-based innovation
management.

(1) Skills: Attracting the right people with the needed skills and
mindset is essential for every innovating organization. Al-based inno-
vation projects need dedicated people with relevant skills and sets of
expertise. Formalized expert knowledge and domain specialists with
various backgrounds like data scientists, developers, or IT infrastructure
engineers are means to actualize opportunities created by Al technology
(Keller et al., 2019). Organizations also rely on existing staff, who need
to apply the technology skillfully across innovation tasks and processes.
Training to stimulate interest should target potential Al implementors
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with more technical backgrounds and decision-makers and employees at
a larger scale. A pronounced integration of people and technology and
the right managerial actions to maximize productivity are essential
success factors in Al-driven innovation management (Barro and
Davenport, 2019).

(2) Structure: Organizational structures are crucial for organizational
performance since they influence organizations’ ability to act and react
effectively. They reflect the formal scheme of relationships, communi-
cations, decision processes, procedures, and systems and therefore
facilitate the capacity of the organizations to adapt to change, learn, or
innovate (Chen and Huang, 2007). Internal structures of organizations
have evolved, and the most common structures are functional organi-
zations — with hierarchical division of work between workers and their
supervisors — and matrix organizations — retaining functional speciali-
zation while improving cross-functional integration (Ahmed and Shep-
herd, 2010). The adoption of a specific organizational structure is highly
dependent on the context of the organization — the nature of the business
in which an organization is engaged. Whereas functional structures are
geared for high efficiency within a stable environment, matrix structures
seem to better cope with uncertainty and change in dynamic markets.
Organizational structures also reveal how information and knowledge
are distributed within an organization, which further affects their effi-
ciency. Decentralized organizational structures are chosen when
decision-making has been disaggregated into several subunits or di-
visions, each making its own decisions. Contrarily, within centralized
organizational structures, decisions are made at headquarters and at the
level of the whole organization. With the implementation of Al-based
innovation, organizations need to evaluate which type of organiza-
tional structure is suitable Christensen (1997)., for instance, argues that
a rapid and effective response to major transformations in the compet-
itive landscape may require new organizational structures and the cre-
ation of an independent business. Other scholars argue that
organizations may engage in a mix of new exploratory initiatives while
pursuing existing initiatives within the same structural context (Brown
and Eisenhardt, 1997; Tushman and O’Reilly, 1996). Organizational
structures further have to support organizational learning and innova-
tion. Innovation networks and open innovation principles may foster
collaboration with external partners and joint development of new skills
and capabilities (Chesbrough, 2017; Fiiller et al., 2014). To facilitate
Al-based innovation management, setting up devoted cross-functional
teams in project matrices or venture teams, even outside the official
bureaucracy of the company, may be necessary to scale innovation and
ensure company growth and prosperity (Cooper, 2014; Roberts, 2007).
As AI has the most significant impact when it is developed by
cross-functional teams possessing mixed skills and perspectives (Foun-
taine et al., 2019), companies need to address the pressing challenge of
integrating essential functions. In our case, potential organizational
setups to embrace Al-based innovation management may include tem-
porary decentralization and collaboration with open innovation net-
works with subsequent integration of new Al-based competencies.

(3) Strategy: An innovation strategy is needed to cope with an
external environment that is complex, ever-changing, and has consid-
erable uncertainties about present and future developments in tech-
nology, competitive threats, and market demands (Tidd and Bessant,
2013). To cope with the mentioned challenges and make innovation
happen, organizations may increasingly embrace Al in their innovation
strategy. Companies have to understand how Al supports value creation
and how Al contributes to the overall strategy as a driving force of
digital transformation (Hess et al., 2016; Kane et al., 2015). Further-
more, an organization’s strategy determines its position as a leader,
follower, or imitator. Therefore, organizations must determine the re-
sources they need and how much they want to allocate to Al-based
innovation management to reach their ambition. Many organizations
struggle with the allocation of appropriate resources for innovation
management. Research identifies three levels of innovation goals (Nagji
and Tuff, 2012): (1) enhancement of organizations’ core offerings, (2)
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pursuit of adjacent opportunities, and (3) ventures into trans-
formational, often disruptive, territory. The industrial manufacturers
studied by Nagji and Tuff (2012) show a strong preference for inno-
vating core offers (70%) complemented by a few breakouts for adjacent
opportunities (20%) and only a minor share (10%) for transformational
innovations. Similarly, Roberts (2007) argues that in practice, com-
panies usually understand how to manage incremental innovations (and
spend 80-90% of their tech budgets on upgrades, modifications, and
extensions) but often struggle with and fail to manage more exploratory
innovation. These studies show that most organizations focus on incre-
mental innovation and allocate relatively small budgets at the trans-
formational level, indicating rather low levels of innovation ambition.
Furthermore, company structures and innovation processes are often not
set up to execute transformational innovations such as Al-based tech-
nologies. Companies should think more in terms of platforms than
stand-alone products and more in terms of ecosystems than isolated
partnerships in order to build winning innovation strategies. In the new
platform- and ecosystem-based environment, Al innovators may pri-
marily focus on building and managing links with organizations outside
their current networks but control vast amounts of data or collect them
easily (e.g., hospitals, schools, city councils). At the same time, they may
reinforce collaboration with start-ups (as a key to creating an efficient
ecosystem and benefiting from it by accessing new tech and skills) and
universities (as a way to secure access to talent and the latest knowl-
edge). The challenges related to AI will require companies to make
additional efforts to become more open towards the external environ-
ment. Nowadays, open innovation is the “new normal” rather than the
exception for innovation. Innovation occurs increasingly in open eco-
systems where the boundaries between organizations, customers, users,
and start-ups become blurry (Nambisan et al., 2018).

Summarizing the previous discussion, we can conclude that AI's
impact on the innovation process is different from that of traditional
digital technologies. In addition to making what people already do faster
and more efficient (which was the main result of the previous

advancements in digital technologies), Al may allow data-driven inno-
vation management and may even automate problem-solving, excluding
humans from it (Verganti et al., 2020). Thus, the focus of innovation
teams may shift from conducting certain innovation activities and
designing the innovation process to designing Al-based innovation tools
that assist with or even automatically conduct the innovation activities
for them. This change, together with AI's power to solve previously
unsolvable problems (e.g., protein folding), is why AI’s impact on the
innovation process may be disruptive and why Al is expected to trans-
form the nature of innovation management. However, as highlighted
above, this requires different skills, access to data, open, collaborative
approaches, and shifts in strategy and the organizational setup. The
impact of Al on innovation management may be on a similar magnitude
to the Internet, which allowed for open innovation and innovation
ecosystem approaches. Similarly, innovation management may be
improved using Al-based innovation tools fed with various data sources
and allow to search, analyze, and identify the most promising trends and
ideas and create the most appropriate solutions.

2.4. Perceptions and organizational context

Research on information systems using an affordance theory
perspective suggests that the adoption and implementation of informa-
tion technologies do not solely depend on the perceived potential of the
features and functions of the technology (Majchrzak and Markus, 2014),
Al in our case, but also on the organization’s capabilities and goals
(Markus and Silver 2008), the organizational fabric (Zammuto et al.,
2007) and other factors such as organizational context (Bygstad et al.,
2016). Recently, the theoretical perspective focusing on individual and
organizational perceptions has been used to analyze the adoption and
implementation of various popular technologies ranging from Block-
chain (Du et al., 2019) and Big Data analytics (Zeng et al., 2020) to Al
technology (Keller et al., 2019). Therefore, we assume that intended
applications and usage of Al for innovation management are not only



J. Fiiller et al.

contingent on perceived application possibilities of Al and the advan-
tages and disadvantages that innovation managers identify, but also on
organizational context, as well as previous experiences, expertise, and
knowledge about Al-based technologies.

From an organizational point of view, the key challenge for inno-
vation is to develop the most suitable process and structures that will fit
the particular task and context (Tidd and Bessant, 2013). Current
innovation practices propose that organizations do not automatically
follow one best practice but rather adopt commonly applied models and
manage their innovation processes based on the companies’ specific
contexts such as industry, company size, the company’s stage of devel-
opment, or their competitive position (Nagji and Tuff, 2012; Ortt and
Van Der Duin, 2008). This is also in line with contingency theory,
attributed to the fundamental assumption that there is no one best way
to organize due to various internal and external factors and constraints
(Ginsberg and Venkatraman, 1985; Luthans and Stewart, 1978) Vol-
berda et al. (2012). claim that managers carefully cater to both internal
and external factors to pursue operational excellence. Thus, in our
research, we particularly investigate innovation managers’ perceptions
of how much potential they ascribe to AI technologies for their organi-
zational context. More precisely, we investigate how innovation man-
agers evaluate the future importance of Al applications at various
innovation tasks along the idea-to-launch process and accordingly
identify their AI implementation strategies. While the claims about the
promise and peril of Al are abundant and growing, we also explore
preferred implementation patterns of Al-based innovation management
relative to organizational contexts such as company size, degree of
maturity, skill sets, and Al affinity.

3. Empirical study
3.1. Research design

We assume various perceptions, affordances, constraints, and pref-
erences regarding Al-based innovation management, depending on the
context as well as organizational characteristics. Thus, we follow an
exploratory and inductive research approach which is useful to generate
a rich understanding of new phenomena such as Al-based innovation
management (Cockburn et al., 2019), where our knowledge is still
limited and where it is difficult to come up with up-front propositions or
research hypotheses (Christensen, 2006; Faems, 2020; Jebb et al., 2017;
Spector et al., 2014). Nevertheless, our research framework is clearly
guided by theoretical insights from innovation management literature,
affordance and contingency theory.

Our research framework (Fig. 1) consists of three key domains: (1)
perceptions — to determine the perceived potential to improve innova-
tion performance through Al-based methods and the importance of Al
for various innovation tasks, as well as the current understanding of the
impact of Al-based innovation management and perceived barriers and
challenges in the innovation units; (2) implementation preferences — to
learn more about what role Al plays in the innovation strategy and
organizational setup, to measure the investments and resource alloca-
tions and identify preferred approaches on skill development; and (3)
organizational context — to capture the experience with Al in general,
the adoption of Al-based innovation management, the Al expertise in the
innovation unit, and the related uncertainty, as well as more general
information such as the organizations’ digital maturity, size, and in-
dustry. Within this framework, we seek to explore the current usage of
Al in innovation management, different implementation preferences,
and differences among organizational and contextual configurations by
reaching out to Al-savvy innovation managers using a quantitative on-
line survey.

In this context, Faems (2020) argues that quantitative data can be a
viable source for inductively deriving insights into emerging innovation
phenomena and highlights cluster analysis as a promising method in this
endeavor. As an inductive approach, cluster analysis determines
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common patterns in samples where we do not know if and how many
groups exist prior to the analysis (Afifi et al., 2003). For researchers in
strategic management and management of information systems, it pre-
sents a valuable tool to unravel natural groupings and configurations in
a research sample given a rigorous implementation of the method and
theoretical justification of the solutions (Balijepally et al., 2011;
Ketchen and Shook, 1996). Previously, several exploratory studies in the
field of innovation management applied cluster analyses to quantitative
survey data. Based on innovation-related factors, Hollenstein (2003)
grouped firms into different innovation modes and compared the char-
acteristics of the configurations Gruber et al. (2010). identified clusters
within technology ventures that deploy different resources and capa-
bilities Block et al. (2015). revealed distinct trademarking motive clus-
ters and investigated their characteristics in a comparison analysis
Verbano et al. (2015). explored distinguished open innovation profiles
and analyzed them in terms of determinants, performance, contextual
factors, barriers, and motivations.

Before designing the survey, we conducted semi-structured in-
terviews with eleven innovation managers working in Al-related fields.
The interviewees covered a broad range of Al-expertise and covered
CEOs, department heads, innovation managers, and IT experts in the
fields of Al-based recruitment, health care, and finance, as well as
Conversational Al, Emotional AI, computer vision, and applied-AI con-
sultancy. The purpose of the interviews was two-fold: on the one hand,
the explorative character of the interviews enabled us to gain a first
impression of how innovation managers think about Al for innovation;
and on the other hand, the semi-structured interviews allowed us to
reflect on the applied theory with insights from practical experiences
and helped us to refine and test questions and items used for the sub-
sequent online survey. All constructs and items we applied to oper-
ationalize our framework were either derived and adopted from
previous studies or inspired by our interviews.

3.2. Measures

3.2.1. Perceptions

To capture the perceived potential of Al for innovation management
applications, we derived seven items from Wilson and Daugherty (2018)
and asked managers to evaluate the expected improvement in innova-
tion outcome, innovation process, speed of development cycle, diffusion
and scalability of innovations, operational flexibility, decision-making,
the individual fit of products and services, and cost management on a
scale from 0% to 100%. Based on previous literature on stages of the new
product development process (Bartl et al., 2012; Keum and See, 2017;
Roberts and Frohman, 1978), we measured the expected importance of
Al in eight tasks along the idea-to-launch process — need and trend
identification, technology scouting, idea generation, idea selection,
concept development, generative design, prototyping, and marketing.
To account for the ongoing discussion about the superiority of machines
relative to humans in specific task types, recognized in our interviews as
well as in literature (e.g Agrawal et al., 2017.), we asked the participants
in which skills - analytics, administration, esthetic sensibilities/design,
creativity, empathy, experimentation, intuition, social and people skills
— machines will outperform humans or vice versa in the next five to ten
years. The understanding of Al and its implication for change with
respect to innovation dynamics, data requirements, innovation strategy,
organizational structure, and skills was measured with five items
adopted from Kane et al. (2015). We also included seven items out of the
interviews dealing with organizational challenges on the ability to
integrate Al for innovation and adapted five items from Bughin et al.
(2018) to assess the specific challenges associated with data and Al
algorithms.

3.2.2. Implementation preferences
Concerning innovation strategy, to quantity financial commitment to
the transformational efforts related to AI (Nagji and Tuff, 2012), we
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Fig. 2. Perceived Potential of Al-based Innovation Management “I expect that Al will improve ... by ...% within the next five to ten years.”Perceived importance in

innovation tasks.

asked for the percentage spending of the innovation budget (0-100%).
We established an item referring to intellectual property management to
learn if more protective or more collaborative approaches are chosen in
dealing with new ideas and solutions for Al-based innovation manage-
ment (Manzini and Lazzarotti, 2016). Two items in line with the liter-
ature by O’Reilly and Tushman (2011) were derived to measure
strategic priorities in terms of exploration and exploitation.

Concerning organizational structure, we asked about the extent of
integration of the Al initiatives (Ransbotham et al., 2018) and the cho-
sen organizations’ structure to set up Al initiatives, and derived se-
mantic differentials of decentralized vs. centralized (Roberts, 2007) and
existing vs. new-built structures (Fountaine et al., 2019). We also
measured the relevance of open innovation and open source approaches
(Chesbrough, 2003; von Hippel and von Krogh, 2006) to implementing
Al in innovation management.

Concerning skill development, we measured the investment in
training for the existing staff and hiring of Al talent by adapting five
items suggested by Ransbotham et al. (2019). Further, we modified two
items from MIT SMR Connections (2019) to quantify the extent of Al
development to improve innovation performance and summarized four
items to measure the extent of collaboration with external partners in
the innovation ecosystem such as companies, universities, start-ups or
innovation hubs in the AI context (Fecher et al., 2020; Kohler, 2016;
Nambisan and Baron, 2013).

3.2.3. Organizational context

Al experience and adoption of Al-based innovation methods were
measured with two items adopted from Ransbotham et al. (2017), while
the level of Al expertise and uncertainty in the orientation towards
Al-based innovation management were derived from the preliminary
interviews with the innovation managers. Digital maturity was split into
early stage, in development and mature stage (three-point Likert),
adopted from Kane et al. (2017). Company size was measured by the
indicated revenue in the previous fiscal year (seven-point Likert, e.g., 1
< €100 million, 7 > €25 billion) (Ransbotham et al., 2017).

Unless otherwise noted, we applied five-point Likert scale types, (1)
“strongly agree/not important” and (5) “strongly disagree/very impor-
tant”, within our survey. We used multiple-item measures and single-
item measures in our study. Single-item measures can be both reliable
and valid when a measured construct is concrete and one-dimensional,
the semantic redundancy of multi-items would be high, the sampled
population is diverse, and the sample size is limited (Bergkvist and
Rossiter, 2007; Fuchs and Diamantopoulos, 2009) Table A.1.
(Appendix A) and Table B.1 (Appendix B) show all items and constructs
applied in the online survey with measures from exploratory factor
analysis. The measured constructs meet the required quality standards
in terms of reliability and validity. Before we reached out to our survey
sample, we checked the questionnaire for comprehensibility and
meaningfulness with 5 innovation managers and adapted it.
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Fig. 3. Importance of Al-based Methods in Innovation Tasks “Please evaluate the importance of Al within the following innovation tasks for the next 5-10 years.”

1=not
important, 5=very important on a 5-Point Likert.

3.3. Sample description

For data collection, E-mails with a link to the online survey were sent
to innovation managers ranging from publicly listed to medium-sized
organizations. 195 managers accessed our survey, of which 150 man-
agers also completed the survey and form the basis for our analysis. The
mean responses of the participants that did not go through the whole
survey do not deviate significantly in terms of responses from the others
who completed the survey. Concerns of missing data due to unfinished
surveys are similar to issues of nonresponse bias in the data collection
process (Hair et al., 2014). Thus, it may be a sign for no or only low
nonresponse bias in our sample (Armstrong and Overton, 1977).

The responding managers represent mostly medium to large-sized
organizations. While the majority of the respondents (47.3%) indi-
cated a revenue below €250 million in the last fiscal year, our sample
also contains a substantial number of larger-sized companies with rev-
enue above €1 billion (41.1%). Further, our sample covers a wide range
of industries including media and telecommunications, professional
services, financial services, consumer goods, industrial, healthcare, en-
ergy, and the public sector. Most respondents were from the industrial
sector (29.9%), followed by professional services (22.2%) and media
and telecommunications (18.8%). Almost half of the responding man-
agers (46%) work in top-level management positions (e.g., C-level ex-
ecutives, president, VP), and around a third (30.9%) are in middle
management positions (e.g., business unit managers, department

heads). The vast majority of participants regard innovation as important
or very important in their current job position (81.4%). The managers
were predominantly male (82.7%) with a median age of 46 years.

4. Findings
4.1. Status Quo

Concerning the status quo of Al for innovation, we find that a clear
majority of the 150 responding managers already have some experience
applying Al in their overall business operations (n = 95; 63.3%), and
another substantial share of organizations plan to use it in the near
future (n = 47; 31.3%). Only a small share of them indicated that their
organization has no experience and no plans at all to deal with AI
technology in their overall business operations (n = 8; 5.3%). When
specifically asked about the application of Al in innovation manage-
ment, almost a quarter stated that they incorporated the technology into
their innovation processes and offerings (n = 34; 22.7%). Another
quarter of them have already tested it in one or more pilots (n = 39;
26%), and more than a third of the organizations plan to adopt Al-based
innovation management in the near future (n = 60; 40%), while only a
minority indicated they have no plans to apply it at all (n = 17; 11.3%).
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4.2. Perception of Al for innovation

4.2.1. Perceived potential

When focusing on the perceived potential of Al-based innovation
management, managers expect the biggest improvements through an
increased fit with more individualized products and services (by
59.31%; SD=26.74), as well as faster development cycles (by 57.07%
faster; SD=26.45) and more accurate decision-making processes (by
55.04%; SD=27.93) within the next five to ten years (Fig. 2). The par-
ticipants assume that Al-based innovation methods may significantly
contribute to the effectiveness of innovation management by improving
the innovation outcome (by 51.5%; SD=24.46) and operational flexi-
bility (by 50.91%; SD=28.84). Further, AI may also contribute to the
efficiency of innovation management by increasing the scalability of
innovations (by 48.47%; SD=26.65) and reducing costs (by 32.9%;
SD=21.33).

When focusing on importance along the idea-to-launch innovation
process, the application of Al for the identification of needs and trends
(mean=3.76; SD=1.16) is expected to be most important in the next five
to ten years, followed by marketing (mean=3.64; SD=1.15) and tech-
nology scouting (mean=3.53; SD=1.15), which are expected to be the
second and third most important tasks along an Al-based innovation
process (Fig. 3). The technology is perceived as relatively less important
for idea generation (mean=3; SD=1.04) and idea selection (mean=3.27;
SD=1.05). The results shown in Fig. 4 indicate that machines are ex-
pected to outperform humans in analytical tasks by the most

(mean=3.91; SD=1.05) - followed by administration (mean=3.67;
SD=1.19) and experimentation (mean=3.08; SD=1.13) — while other
relevant skills like creativity (mean=1.91; SD=0.85) or intuition
(mean=1.81; SD=1.03) are perceived to be better implemented by
humans. These results are well aligned with the previously discussed
finding that Al is estimated to be most important in analytical tasks, such
as the identification of needs and trends, technology scouting or mar-
keting, and least important in the generation of ideas where a fair share
of creativity and intuition is required. Overall, compared to the
perception of Al's importance in specific tasks, clear differences can be
observed between lower and higher rated item categories.

4.3. Implementation preferences for Al-based innovation

Along with the expected potential and relevance of Al for different
innovation tasks, we are also interested in the kind of implementation
preferences that organizations aim for. We explore implementation
preferences along the following three dimensions: (1) strategy — repre-
sented by the budget, intellectual property management approach, and
exploration and exploitation focus for Al-based innovation manage-
ment; (2) organizational structure — represented by the integration of Al
initiatives, project structures, locus of responsibilities, and innovation
culture for Al-based innovation management; and (3) skill development
- represented by the investment in training, investment in hiring, in-
ternal technology development, and external collaboration to enable Al-
based innovation management.
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Table 2
Implementation preferences of Al-based innovators.
Cluster 1:AI- Cluster 2:AI- Cluster 3:AI-
Occasionaln Practitionern Frontrunnern
=40 =41 =52
Strategy Budget Low Medium High
IP Management Mixed Collaborative Protective
Exploration Low High Medium
Exploitation Low High Medium
Structure Integration Separated Connected Tightly
integrated
Project Existing Mixed New
Structures
Locus Mixed Mixed Mixed
Responsibilities
Innovation Closed Open Mixed
Culture
Skills Investment Low Low High
Training
Investment Low Low High
Hiring
Technology Low Medium High
Development
External Low High High
Collaboration
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4.3.1. Cluster analysis

In this study, we cluster participants in our survey representing their
organizations to identify differences in preferred implementation pat-
terns for Al-based innovation management. In doing so, we aim to
identify the most distinctive but still parsimonious number of groups
who share similar configurations within the group but are different
across the groups. We consider the organizations that have already
adopted Al for innovation management or plan to do so in the near
future “Al-based innovators” (n = 133; 88.7%). The ones that have not
adopted Al for innovation management and do not plan to do so in the
future we call “Non-Al innovators” (n = 17; 11.3%). In the cluster
analysis, we exclude the latter and aim to explore similarities and dif-
ferences among the 133 Al-based innovators.

4.3.2. Clustering procedure

We adopt a two-stage clustering approach using hierarchical and
non-hierarchical methods in tandem as recommended in the literature
(Balijepally et al., 2011; Hair et al., 2014; Punj and Stewart, 1983). In
the first step, we deployed a hierarchical clustering based on Ward’s
minimum variance method with the Euclidean distance as the similarity
measure. We used standardized values to control for the different scales
in the set of cluster variables and considered several stopping rules for
finding the optimal number of clusters. The results indicated a two-,
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three- and four cluster solution as most appropriate.” Thus, in a second
step, we performed a non-hierarchical k-means analysis on clusters be-
tween two and four groups and evaluated the different groupings from a
practical and conceptual perspective (Hair et al., 2014). For each iter-
ative k-means analysis (Hartigan and Wong, 1979), we employed the
centroids of the initial hierarchical cluster solutions as a starting point.
Finally, we selected the three-cluster solution as the best fitting option in
terms of meaningfulness, distinctiveness, and parsimony of the revealed

1 To transform the values of clustering variables that were measured with
different scales into a comparable scale, they were centered and normalized
before the k-means clustering.

2 From 23 indices calculated using the NbClust package in R (Charrad et al.,
2014) seven indicated a two-cluster solution and five each a three-cluster so-
lution and four-cluster solution as the optimal number. However, no criteria is
found to be better than others in all situations (Balijepally et al., 2011).
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patterns (Hair et al., 2014; Hambrick, 1983). In the process, we verified
the stability of our solution using other clustering algorithms. To check
the reliability of our cluster solution, we randomly split our sample into
two halves and analyzed them separately, yielding consistent results
(Balijepally et al., 2011; Hair et al., 2014).

Fig. 4 illustrates the emerging implementation preferences in the
three cluster groups, which we labeled as AI-Occasional innovators, Al-
Practitioners, and Al-Frontrunners. The labeling orientates on the mean
values of the cluster variables and tries to summarize the main charac-
teristics of the different implementation preferences. The cluster means
in the three groups significantly differ in eleven out of twelve cluster
variables (all except for centrality of responsibilities). The pairwise
contrast values between the identified clusters are shown in Fig. 4
Table 2. further highlights the differences and similarities among Al-
Frontrunners, Al-Practitioners, and Al-Occasional innovators. In the
following, we characterize and describe the implementation preferences
of these groups in more detail.
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4.3.3. AI-Occasional innovators

The organizations in the first cluster (n = 40) are taking a tentative
implementation approach and thus far refrain from making any com-
mitments towards Al-based innovation management. Compared to the
other two clusters, they follow a minimum-effort approach with respect
to the relevance of Al-based innovation management, reflected in their
strategy, organizational structure, and skill development. If at all, they
may rely on occasional Al-based innovation pilot projects to experiment
with and get familiar with the application of Al technologies for inno-
vation management. Thus, in the following, we use the notion of “Al-
Occasional innovators” to refer to organizations assigned to this cluster
group.

Al-Occasional innovators currently dedicate a low share of their
innovation budget to Al They pursue a mixed approach of managing
intellectual property and navigate between protection through patents

12

and sharing their solutions with others. Open innovation practices and
collaborations with partners in the area of Al are rather uncommon. Al-
Occasional innovators consider existing and project-based organiza-
tional structures as appropriate to match their current ambitions in Al-
based management, which has not been anchored in their innovation
strategy yet. Thus, it is not surprising that detecting new opportunities
for innovation or improving existing processes with the help of Al
technology are not appealing to them at the moment. Since they do not
have the corresponding skills themselves and do not intend to make
large investments in hiring Al talent or training of the existing work-
force, it makes sense for them to wait for the opportunities that may
arise in the respective areas rather than to control Al centrally in more
integrated ways.
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4.3.4. Al-Practitioners

The organizations in the second cluster (n = 41) are taking a prag-
matic Al implementation approach and trying to achieve solid effects
with limited resources. Instead of building up all of the knowledge
themselves, they want to apply existing knowledge, routines, and
methods. They rely on external collaborations to spur their Al-based
innovation practice instead of building up the in-house capabilities
necessary to become real experts. Thus, we call them “Al-Practitioners”.

Al-Practitioners exceed the sporadic attempts of AI-Occasional in-
novators but are far away from systematic, scalable, and investment-
intensive efforts in Al-based innovation management. Their share of
the innovation budget assigned to Al — a proxy of strategic commitment
— is at an intermediate level. However, they seem to be excited about
discovering practical use cases and follow a highly ambidextrous
approach by balancing the exploration of new innovation opportunities
and the exploitation of existent processes based on Al. With respect to
intellectual property rights when applying Al in the innovation context,
they favor the most open and collaborative approach, characterized by
publishing and sharing new ideas. Their efforts are well connected and
tend to be project-oriented by combining existing and new structures.
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The pragmatic approach of Al-Practitioners is also reflected in their
limited investment in the training of existing staff, as well as the limited
ambition of hiring new Al talents from outside. Instead of building up
their own internal capabilities, they engage in collaborations with
external partners and use open innovation methods in the context of Al
Al-Practitioners can develop some Al technology themselves, even if
only sporadically, which points to their ambition to become savvy users
of Al-based solutions.

4.3.5. Al-Frontrunners

The organizations in the third cluster (n = 52) are taking the most
progressive implementation approach towards Al-based innovation
management. It seems that they have already discovered use cases and
innovation opportunities to implement AI solutions and are making
bolder moves in applying and scaling Al for innovation management.
Thus, we use the notion of “Al-Frontrunners” when referring to orga-
nizations assigned to this implementation cluster.

Al-Frontrunners pursue an Al-dominant innovation strategy by
investing substantial amounts of their innovation budget into Al tech-
nology. They are eager to avoid their solutions being implemented by
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Fig. 9. Ranked Data Constraints across Clusters, “What are the biggest limitations on the ability to apply Al algorithms in the context of innovation? Assign a total of

100 Points”; significant difference Kruskal-Wallis-Test: *** p < 0.01, **, p < 0.05, * p < 0.1.

competitors and therefore manage their intellectual property much
more protectively than Al-Practitioners. Al-Frontrunners are interested
in exploring new opportunities to come up with new business models,
and equally try to exploit existing products and business models by
applying AI technology. They prefer new organizational structures for
their Al initiatives and complement them with open innovation practices
from time to time. Al-Frontrunners anchor and systematize Al in their
innovation management by setting up a long-term sustainable infra-
structure and invigorating platforms for experimentation with AI algo-
rithms. To build up new capabilities, they follow a dual approach in
staffing and skill-building by heavily investing in hiring external experts
as well as in the training of the internal workforce. While external
collaboration with Al partners is highly appreciated, they develop their
own Al capabilities and solutions.

4.4. Cluster comparison — from Al-Frontrunners to non-Al innovators

In the next step, we conducted a comparative analysis to assess
whether the four identified groups — Al-Frontrunners, Al-Practitioners,
and AI-Occasional Innovators revealed in the cluster analysis as well as
the group of Non-AI innovators - differ in their perceptions of the po-
tential and importance of the technology in their innovation units, the
understanding of its impact, and challenges related to Al-based inno-
vation management, as well as in their organizational context. Unless
otherwise noted, in the comparative analysis, we applied Wilcoxon rank
sum tests to identify the pairwise difference in the selected dimensions
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among the cluster groups, as the normality assumption of residuals was
not reached (Hair et al., 2014).

4.4.1. Perceived potential

Overall, all four groups see meaningful potential for innovation
management through the application of AI (Fig. 6). While the means of
the cluster groups do not differ significantly in all dimensions, the
overall tendency that Al-Frontrunners and Al-Practitioners see the
highest potential is pretty clear and strong. Al-Frontrunners are partic-
ularly excited about opportunities to increase the individual fit of
products and services (F: 67.98% - P: 57.46% **, O: 56.52% **, N:
43.82% ***)° and make better decisions (F: 60.06% - P: 52.15% *, O:
53.80%, N: 49.59%), where they see significantly more improvement
potential than all of the other groups. Al-Practitioners perceive a
particularly high potential to increase the speed of the development
cycle (P: 59.66% - F: 61.00%, O: 53.67%, N: 46.76% *) and create more
flexible operations in their innovation units (P: 56.24% - F: 52.96%, O:
43.25% ***, N: 46.71% *). Interestingly, Non-Al innovators also see
substantial potential in the technology at quite similar levels as Al-
Occasional Innovators.

3 F = mean of Al-Frontrunners, P = mean of Al-Practitioners, O = mean of Al-
Occasional innovators; significant pairwise differences one-tailed Wilcoxon-
Test: *** p < 0.01, ** p < 0.05, * p < 0.1
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Fig. 10. Ranked Organizational Constraints across Clusters, “Please specify general organizational challenges on the ability to integrate Al for innovation. Assign a
total of 100 Points.”; significant difference Kruskal-Wallis-Test: *** p < 0.01, ** p < 0.05, * p < 0.1.

4.4.2. Perceived importance in innovation tasks

The analysis also reveals differences in the perceived importance of
Al in the eight innovation tasks along the innovation process — need and
trend identification, technology scouting, idea generation, idea selec-
tion, concept development, generative design, prototyping, and mar-
keting (Fig. 7). Overall, Al-Frontrunners and Al-Practitioners consider
the application of AI technologies to their innovation tasks as most
important. Not surprisingly, Non-Al innovators perceive the lowest
importance of Al in all innovation tasks. Compared to the other cluster
groups, Al-Frontrunners see more importance in analytical tasks like
searching for new technologies (F: 3.92 - P: 3.61 *, O: 3.15 *** N: 3.00
**) or marketing (F: 3.87 — P: 3.73, O: 3.45 *, N: 3.18 **). Interestingly,
the expectations of Al-Practitioners significantly exceed those of Al-
Frontrunners in the experimentation-oriented tasks of automatized
generation of designs (P: 3.63 — F: 3.33 **, O: 3.27, N: 2.94) and pro-
totyping (P: 3.66 — F: 3.45 *, O: 3.15, N: 2.82).

4.4.3. Perceived understanding

The results in Fig. 8 indicate that Al-Frontrunners and Al-
Practitioners seem to know best how AI will impact the processes in
their innovation units, even though the understanding of the former
exceeds that of the latter in all five dimensions considered — under-
standing of the Al-related shift in innovation dynamics, data re-
quirements and Al-related change in innovation strategy, organizational
structure, and skills. Most prominently, compared to all other groups,
Al-Frontrunners have a significantly better understanding of the essen-
tial need for data required to train Al algorithms (F: 3.69 — P: 3.41 **, O:

2.62 *** N: 2,53 ***), While the understanding of AI-Occasional
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innovators clearly lags behind the two more advanced cluster groups in
all five aspects, it is notable that their understanding of the impact of Al-
based innovation management also tends to fall behind those of Non-Al
innovators with respect to understanding Al-related change in the or-
ganization structure (O: 2.50vs. N: 2.82) and the impact on job roles and
necessary skills (O: 2.80vs. N: 3.18). These results suggest that Non-Al
innovators are well aware of the required change in structure and
skills but may doubt the feasibility of implementation in their company
and, thus, decided not to engage in Al-based innovation.

4.4.4. Perceived constraints

Along with constraints concerning data and algorithms — which are
central to building useful machine learning models and eventually
achieving superior performance in innovation tasks — organizational
challenges arise when Al-based innovators try to find the appropriate
setup for their innovation management. Overall, the comparative anal-
ysis? reveals that the different groups of Al-based Innovators seem to
agree more on the relative severity of data challenges than on the
ranking of limitations on the organizational level, which is more het-
erogeneous (Figs. 9 and 10).

Out of the five data challenges discussed — labeled training data,
access to datasets, explaining results, generalizing results, and risk of
bias - access to sufficiently large datasets to empower machine learning

4 As Non-Al innovators do not even plan to engage in Al-based innovation
management, they are excluded from the comparative analysis of encountered
data and organizational challenges.
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Fig. 11. Organizational Context across Clusters, Significant pairwise differences one-tailed Wilcoxon-Test: *** p < 0.01, ** p < 0.05, * p < 0.1.

algorithms turns out to be the major data challenge for all Al-based
Innovators. On average, Al-Practitioners and AI-Occasional innovators
perceive access to large datasets as more constraining for their Al-based
innovation management than Al-Frontrunners. While the availability of
labeled training data represents a serious barrier for Al-Frontrunners
and Al-Practitioners, Al-Occasional innovators are less concerned
about it.

Of the seven organizational challenges discussed — internal resis-
tance, trusting environment and the right mindset, security, lack of
technical expertise, hiring and retaining Al experts, hardware and data
acquisition and storage - lack of technical expertise is by far the strongest
limiting factor for Al-Occasional innovators relative to their perception
of other challenges. While Al-Frontrunners would also welcome some
more Al expertise in their innovation unit, they are particularly con-
cerned about hiring and retaining AI experts — which makes sense as
their preferred implementation pattern is characterized by a strong
focus on building up a skilled workforce. Al-Practitioners lack a trusting
environment, the right mindset and necessary expertise and also face a
higher resistance of internal stakeholders than the other groups when
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trying to implement AI technology in the innovation process. It seems
that they are much less concerned about security topics than the two
other groups — which might be related to their open approach to Al-
based innovation management, including sharing of intellectual prop-
erty and collaborating with partners in the field of Al

4.4.5. Organizational context

Fig. 11 shows the results of the comparative analysis of six contextual
factors — the organizations’ experience with AI technology in general,
the current usage of Al in their innovation management, the Al expertise
in the innovation unit, the uncertainty in their orientation to Al-based
innovation management, the digital maturity and the size of the orga-
nization — determining central aspects of the organizational context.

Al-Frontrunners are most experienced with Al technology in general
and also apply Al most extensively for innovation compared to other
implementation clusters (F: 3.29 — P: 2.76 ***, O: 2.50 ***). They further
indicate having by far the highest expertise (F: 3.35—P: 2.39 ***, 0: 1.82
ok Nz 2,12 ***). Although no significant differences across the cluster
groups can be observed, the uncertainty of Al-Frontrunners tends to be
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lower than for other groups (F: 3.04 — P: 3.34, O: 3.35, N: 3.12). In the
previous steps of the comparative analysis, we found that AI-
Practitioners and AI-Occasional innovators clearly differ in their per-
ceptions about the potential and impact of Al-based innovation man-
agement as well as related challenges. Interestingly, when looking at
their organizational context, it turns out that they face a quite similar
situation across the contextual factors, except for company size. Thus,
one might hypothesize that the different implementation preferences
that Al-Practitioners and Al-Occasional innovators prefer are predomi-
nantly subject to different perceptions of Al-based innovation manage-
ment rather than contextual factors. Further, the results show that Al-
Occasional and Non-Al innovators are on average the smallest in size
(e.g., O: 2.80 — F: 3.93 **, P. 3.78 ** N: 2.42). Although even Non-Al
innovators have already engaged with Al technology in other business
fields, the small size and corresponding lack of available resources might
limit their opportunities to experiment with AI technology at all or
engage in more ambitious approaches to Al-based innovation manage-
ment. Interestingly, we find that the expertise of Non-Al innovators is
higher than those of Al-Occasional innovators and close to those of Al-
Practitioners. In further consequence, this indicates that next to per-
ceptions about AI's potential in the innovation process, the extent of
previous experience with Al (N: 1.88 — F: 3.5 *** P: 2.76 *** O: 2.77
**), and available resources — rather than solely the domain-specific
expertise in the innovation unit — might be decisive factors in whether
and how Al is applied for innovation.

5. Discussion and implications

Al technologies have gained a prominent position in the organiza-
tional context. This paper explores the current status quo of Al for
innovation management and how it may impact the future of innovation
management practice through an exploratory study. Our findings from
tech-savvy managers reveal four major insights into the upcoming era of
Al-based innovation management. They confirm that Al may revolu-
tionize all industries (Lakhani and Iansiti, 2020) and also (r)evolutionize
innovation management and take the idea-to-launch innovation process
to the next, more advanced stage.

(1) Al-based innovation management indeed has the potential to usher in
a new seventh paradigm of innovation management (Ahmed and Shepherd,
2010; Tidd and Bessant, 2013). While we are currently still relying on
innovation networks and ecosystems (e.g., Tidd and Bessant 2013), our
findings suggest that we are heading towards Al-based innovation eco-
systems. This Al-based innovation management paradigm is character-
ized by real-time analytics of big chunks of various available data that
allow making more informed and better decisions. The available
Al-based analyses may, for example, help to determine what kind of
technologies, trends, and customer needs should be addressed and what
concepts and prototypes seem to be most promising. They may also
support tailoring and automatizing communication, marketing, and
sales of innovations to individual customers. The ongoing feedback
about innovations in use may also continuously improve and adjust
existing solutions (Nambisan et al., 2017). Our study clearly shows that
innovation managers are aware of the enormous potential of AI for
innovation management. For example, they believe that Al may improve
the overall innovation outcome by more than 50% compared to existing
innovation approaches. However, Al-based management is still in its
early and experimental state. Within the next five to ten years, Al may
become a technology assisting innovation managers rather than sup-
plementing them. Further, AI cannot be considered a plug-and-play
technology that can be easily applied to all kinds of innovation tasks.
In its current form and within the near future, managers will apply Al for
analytical and repetitive administrative tasks such as searching,
scouting, structuring, clustering, visualizing, representing, and high-
lighting available information and knowledge, as well as evaluating,
comparing, and optimizing different options (Brynjolfsson and McAfee,
2017; Rhyn and Blohm, 2017). However, the tasks of innovation
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creation and composition are still dominated by humans with their
intuition, creativity, empathy, and sense for aesthetics, rather than by
Al-based analytics. Our study confirms that within the next five to ten
years, humans will continue to dominate creative tasks (Kakatkar et al.,
2020) and be the key in activities related to identifying and selecting
problems to be solved. They may concentrate on
Sherlock-Holmes-like-thinking tasks (Tekic et al., 2019), which are
inherently open-ended and require long chains of logic or reasoning that
depend on diverse background knowledge and intuition (Brynjolfsson
and Mitchell, 2017). Al may assist innovation teams by providing rich
and unbiased data. Humans will be irreplaceable in building AI tools —
developing algorithms and training procedures — but less absorbed by
repetitive tasks that require one-second-thinking (Ng, 2016).

(2) Al-based innovation management requires substantive technical
and organizational changes to handle and successfully cope with the
associated challenges. While Al-based innovation management has the
potential to revolutionize innovation management, currently, it is still in
its infancy stage. Even Al-savvy organizations still have many concerns
about how to overcome barriers to make Al-based innovation manage-
ment work (Haefner et al., 2021; Verganti et al., 2020). Our study shows
that organizations must overcome various technical challenges such as
access to large datasets, the generation and labeling of training data
efforts, and the explanation and generalization of results. In addition,
companies need to tackle organizational challenges such as the lack of
internal expertise, missing access to talents, distrust, and a skeptical
mindset. Our findings show that in order to prepare for Al-based inno-
vation management, organizations have to adjust their strategy (e.g.,
allocation of budgets or handling sharing of IP), and implement struc-
tural changes (e.g., to determine the level of centralization or integra-
tion of projects). They also have to invest in capability building and skill
development, e.g., offering training, hiring new talents, or developing
new tools and technologies. Dealing with Al-based innovation man-
agement requires becoming even more open and collaborative than
before. It necessitates the integration of data scientists into innovation
teams and a thorough understanding of the shift in the innovation dy-
namics caused by the constant inflow of new insights and findings
provided by Al-analytic tools. Thus, our findings suggest that Al-based
innovation management may be considered a new, seventh innovation
paradigm rather than just another digital technology that allows
improving specific innovation tasks (Ahmed and Shepherd, 2010; Tidd
and Bessant, 2013). According to our findings, it presents a new era of
innovation thinking, structuring, and organizing to benefit from Al
(Kiron and Schrage, 2019). These findings contribute to innovation
management literature by providing first insights into the topics and
dimensions that have to be addressed when thinking of and establishing
Al-based innovation management (Cockburn et al., 2019; Haefner et al.,
2021; Kakatkar et al., 2020).

(3) There exists no one-size-fits-all approach to implement Al-based
innovation management. While most managers agree on the potential
and requirements for Al-based innovation management, our findings
show that they slightly differ regarding their preferred implementation
approach to utilize and familiarize with Al-based innovation manage-
ment. We identified four different implementation groups: (1) Al-
Frontrunners, (2) Al-Practitioners, (3) AI-Occasional innovators, and
(4) Non-Al innovators, which mainly differ in their perceived relevance
of Al technologies, resources they intend to invest as well as the range
and frequency with which they aim to apply these technologies. Besides
the differences in their intended use of Al, they also prefer different
organizational setups and vary in their view on necessary skill devel-
opment. Our research further suggests that these differences may be
associated with their different perceptions, e.g., regarding the perceived
potential and perceived affordances of Al for innovation management,
and the organizational context, especially criteria such as previous
experience, current usage, and expertise with Al as well as size. These
findings confirm insights from affordance theory (Keller et al., 2019;
Majchrzak and Markus, 2014; Zeng et al., 2020) as well as contingency
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theory (Ginsberg and Venkatraman, 1985; Luthans and Stewart, 1978)
suggesting that organizations see different opportunities and use cases
for Al technologies and that these may be dependent on the organiza-
tional context. Our study provides first empirical evidence that Al
affordances for innovation management may depend on factors such as
experience, expertise, digital maturity, and organization size. Thus, in
line with Haefner et al. (2021), it suggests that organizations need to
create a systematic implementation approach to benefit from AL While
the implementation approach may be based on best practice, it may be
adopted to the specific organizational context (Ortt and Van Der Duin,
2008), such as size and experience.

(4) Despite the potential of Al-based innovation management, organiza-
tions may fail to realize the expected benefits due to inadequate or poor
implementation. Although Al-based innovation management seems very
promising, organizations still run the risk of means-end decoupling
(Jabbouri et al., 2019). This might lead to an implementation gap,
meaning that innovation managers may apply Al-based innovation
management without realizing the expected benefits (Wilson and
Daugherty, 2018). The problem may be especially challenging due to the
novelty and complexity of Al-based innovation management. As our
study shows, there are technical barriers to overcome as well as orga-
nizational barriers, such as different mindsets and distrust in Al tech-
nologies. Successful implementation also requires the integration of new
team members such as data scientists, as well as intensified collabora-
tion with external actors such as Al consultants and universities. In order
to avoid decoupling, Al implementation managers have to ensure that
all relevant internal stakeholders and external partners are in line and
also compliant with the Al-based innovation management goals (Jab-
bouri et al., 2019). In order to overcome potential tensions, inertia, and
resistance towards Al-based innovation management, organizations
have to avoid opaque implementation contexts that lead to compliance
barriers such as complex causal patterns, practice multiplicity, and
behavioral invisibility (Wijen, 2014). They further have to incentivize
adoption behaviors by offering compliance inducements such as setting
concrete rules, offering specific incentives, providing best practices and
implementation options, and enabling capacity building (Perez-Ale-
man, 2011; Terlaak, 2007). It is crucial to pick the right tasks for suc-
cessful Al implementation in the innovation process. First, the tasks
must be suitable to be taken over by machines. Second, organizations
must be able to obtain sufficient data to train machines. However, more
than that, organizations will need to foster collaborative intelligence
where humans and Al enhance their complementary strengths to realize
the advantages of Al technologies (Wilson and Daugherty, 2018).
Combing the best of Al (e.g., processing big data to identify patterns and
relations) and humans (e.g., common sense, creativity, tacit and in-
dustry domain knowledge) to build an efficient and lasting partnership
will be essential for successfully managing Al-assisted innovation pro-
cesses (Jarrahi, 2018; Keding, 2021; Shirado and Christakis, 2017).
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6. Conclusion and research outlook

While our study provides a first glimpse of the application of Al-
based management, its potential, affordances, challenges and potential
implementation approaches, it also evokes additional research questions
and asks for further studies on Al-based innovation management.

We are aware of potential biases and limitations due to our study’s
given scope and operationalization. Managers with limited or no interest
in the topic might not even have started our online survey, leading to
potential biases towards the potential of Al-based innovation. Though
we included organizations not planning to apply Al-based methods in
our comparative analysis, future research could focus more on com-
panies’ reasons for not considering the technology. Studies may also
explore ways to lower the barriers in case Al-based innovation man-
agement makes sense in the specific organizational context. The study
has also shown that there is a lack of understanding about the necessary
changes and impact of Al-based innovation management, as well as a
surplus of perception-based rather than fact-based interpretations of the
potential of Al in the innovation context. This represents both a limi-
tation of the current study and an opportunity for future research.
Further research may explore and learn from best and worst practices
and investigate causal relations between necessary preconditions and
their effect on Al-based innovation management. Alternatively, research
may try to identify different recipes for successful Al-based innovation
management, assuming more than one pathway to it. An additional
avenue for future research relates to exploring critical success factors or
the actual impact of Al-based innovation management on innovation
outcomes. As Al-based innovation management relies on technical and
organizational aspects, these dimensions may deserve special focus, as
they may determine the extent and the timing of the shift to Al-based
innovation management. Other areas of further interest in the context
of the current new work debate include the impact of Al-based inno-
vation management on skill and capability development of innovation
teams, collaboration across innovation and Al-experts, and the role of
and interaction between humans and machines. We look forward to
seeing further areas where Al can be applied in innovation management
(Fig. 5).
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Table A.1
Final measurement items and psychometric properties of cluster variables.
Variables Source (derived from) Mean (S. FL ITTC  Cronbach’s AVE
D.) (EFA) Alpha
Budget
(0-100%)
Share of Al investment in innovation budget Nagju and Tuff (2012) 21.88
(17.63)
IP Management
(5-Point Likert; Patent protection/closed — publishing and sharing new ideas/closed)
Strategic Orientation to IP Management Manzini and Lazarotti (2016) 3.05
(1.09)
Exploration
(5-Point Likert; no extent — great extent)
Priority to come up with new business models (Exploration) O’Reilly and Tushman (2011) 2.70
Ransbotham et al. (2019) (1.10)

(continued on next page)
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Table A.1 (continued)

Exploitation
(5-Point Likert; no extent — great extent)
Priority to apply Al to improve existing products and business models O’Reilly and Tushman (2011)
(Exploitation)
Ransbotham et al. (2019) 2.20
(1.10)
Integration
(3-Point Likert; completely separate - connected - tightly separate)
Level of Integration of Al Initiatives Ransbotham et al. (2019) 1.90
Keller et al. (2019) (0.63)
Project Structures
(5-Point Likert; existing structure — new built structure)
Extent of new structures built for Al initiatives Fountaine et al. (2019) 2.81
(1.35)
Locus Responsibilities
(5-Point Likert; decentralized - centralized)
Extent of centralization in Al initiatives Roberts (2007) 2.54
(1.40)
Innovation Culture
(5-Likert; not at all - crucial)
Relevance of open innovation for successful integration of Al in the Chesbrough (2003) 2.27 0.94 0.75 0.80 0.69
innovation context (1.13)
Relevance of open source for successful integration of Al in the innovation ~ Von Hippel and von Krogh (2006) 2.27 0.70 0.75
context (1.13)
Investment Training
(5-Point Likert; strongly disagree — strongly agree)
Share of innovation budget invested in building and strengthening Al Ransbotham et al. (2017) 2.20 0.73 0.82 0.86 0.76
competence through training of employees (1.14)
Share of innovation budget invested in communicating relevant Al use Ransbotham et al. (2017) 2.30 0.97 0.82
cases to employees (1.17)
Investment Hiring
(5-Point Likert; strongly disagree — strongly agree)
Level of investment in hiring Al talent (e.g. Engineer, Al lawyer, Ransbotham et al. (2019) 2.30 0.51 0.73 0.84 0.65
Researcher etc.) (1.20)
Level of investment in hiring Data talent (e.g. Data scientist etc.) Ransbotham et al. (2019) 2.90 0.74 0.85
(1.30)
Level of investment in hiring IT talent (e.g. IT collaborator, Infrastructure Ransbotham et al. (2019) 2.90 0.89 0.74
engineer etc.) (1.30)
Technology Development
(5-Point Likert; strongly disagree — strongly agree)
Extent of development of Al applications in-house MIT SMR Connections (2019) 3.05 1.01 0.68 0.74 0.59
(1.41)
Extent of development of applications using cloud-based ML and DL MIT SMR Connections (2019) 2.9 0.48 0.68
services. (1.28)
External Collaboration
(5-Point Likert; no extent — great extent)
Extent of collaboration with companies Nambisan (2017) 3.00 0.61 0.70 0.87 0.65
(1.21)
Extent of collaboration with universities Nambisan (2017) 3.00 0.66 0.70
(1.31)
Extent of collaboration with startups Kohler (2016) 2.90 0.93 0.88
1.27)
Extent of collaboration with labs. hubs and incubators Fecher et al. (2018) 3.10 0.89 0.86
(1.32)
Table A.2
Correlation table cluster variables.
Var 1 Var 2 Var 3 Var 4 Var 5 Var 6 Var 7 Var 8 Var 9 Var 10 Var 11 Var 12
Budget 1
IP Management 0.00 1
Exploration 0.23 0.04 1
Exploitation 0.27 * 0.01 0.63 *** 1
Integration 0.30 *** 0.20 0.22 *** 0.17 ** 1
Locus Responsibilities -0.05 0.05 0.01 0.13 1
Project Structures 0.15 * 0.00 0.16 * 0.02 -0.13 1
Innovation Culture -0.09 0.21 0.20 ** 0.17 * 0.11 -0.01 1
Investment Training 0.49 ** -0.13 0.13 0.15 * 0.07 0.13 -0.02 1
Investment Hiring 0.23 -0.21 0.15 * 0.07 -0.15 * 0.15 * 0.06
Technology Development 0.21 " -0.06 0.16 * 0.26 0.04 0.16 * 0.09 1
External Collaboration 0.26 ° 0.02 0.24 0.20 0.04 0.22 % 0.21 ** 0.38 *** 1
" p <0.01.
™ p < 0.05.
"p<oO.
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Appendix A

Table A.1. Final Measurement Items and Psychometric Properties of

Cluster Variables

Table B.1
Final measurement items and the psychometric properties comparative analysis.
Variables Source (derived Mean (S.
from ...) D.)
Perceptions
Expected improvement of ...
(0-100%)
innovation outcome by Al Own 51.50
(24.46)
the innovation process Own 49.30
(23.78)
speed of the development cycle by Al Wilson and 57.07
Daugherty (2018) (26.45)
diffusion and scalability of innovations by Al Wilson and 48.47
Daugherty (2018) (26.65)
operational flexibility by Al Wilson and 50.91
Daugherty (2018) (26.84)
decision-making by Al Wilson and 55.04
Daugherty (2018) (27.93)
individual fit of products and services by Al Wilson and 50.31
Daugherty (2018) (26.74)
Importance of Al in ...
(5-Point Likert; not important — very important)
identification of needs and trends Roberts and 3.76
Frohman (1978) (1.15)
technology scouting Roberts and 3.53
Frohman (1978) (1.14)
idea generation Keum and See 3.00
(2017) (1.03)
Bartl et al. (2012)
idea selection Keum and See 3.33
(2017) (1.60)
concept testing Roberts and 3.45
Frohman (1978 (0.98)
Bartl et al. (2012)
generative design Krish (2011) 3.435
(0.97)
prototyping Roberts and 3.43
Frohman (1978) (1.01)
Bartl et al. (2012)
marketing Roberts and 3.64
Frohman (1978) (1.15)

Human vs. Al in general tasks

Bartl et al. (2012)

(5-Point Likert;1=Humans with better skills, 5= Machines with better skills)

Analytics Own 3.84
(1.049)
Administration Own 3.73
(1.13)
esthetic sensibilities/design Own 1.75
(0.84)
Creativity Own 2(0.94)
Empathy Own 1.49
(0.83)
Experimentation Own 3.05
(1.09)
Intuition Own 1.82
(1.05)
Social and people skills Own 1.52
(0.77)
We understand ...
(5-Point Likert; strongly disagree — strongly agree)
how AI will shift our innovation dynamics Ransbotham et al. 3.41
(2017) (1.08)
what data is required to train Al algorithms Ransbotham et al. 3.1(1.12)
(2017)
how AI will change our organization structure =~ Ransbotham et al. 3.02
(2017) (1.05)
Roberts (2007)
how our existing job roles and skills need to 3.21
change in order to complement Al (1.05)
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Table B.1 (continued)

Variables Source (derived Mean (S.
from ...) D.)
Ransbotham et al.
(2017)
Roberts (2007)
how the presence of Al machines in the Ransbotham et al. 3.02
workplace will change our organization’s (2017) (1.14)

innovation strategy Roberts (2007)

Organizational Context

Extent of current Al usage in ...
(5-Point Likert; not adopted Al and has no plans to do so - not adopted Al but has
plans to do so in the near future - one or more Al pilot projects - incorporated Al into

some processes and offerings — extensively incorporated Al into processes and

offerings)
general Ransbotham et al. 2.94
(2017) (0.99)
innovation management Ransbotham et al. 2.67
(2017) (1.09)
Level of uncertainty in strategic orientation Own 3.21
regarding Al (1.00)
(5-Point Likert; very low — very high)
Level of digital maturity in the organization Kane et al. (2017) 1.99

(3-Point Likert; early stage — in development (0.62)
— mature stage; n = 140)

Revenue in last fiscal year
(7-Point Likert; Less than €100Mio, €100Mio
- €249Mio., €250Mio - €499Mio., €500Mio -
€999Mio., €1Bn - €5Bn., €5Bn - €25Bn., More

Ransbotham et al. 3.82
(2017) (1.97)

than €25Bn; n = 129)

Limitations on the ability to apply Al algorithms in the context of innovation
(Constant Sum,; assign a total of 100 points; n = 133)

Labeled training data Bughin et al. (2018)  21.35
(18.8)
Obtaining sufficiently large data sets Bughin et al. (2018)  31.84
(24.3)
Difficulty explaining results Bughin et al. (2018)  18.79
(17.6)
Difficulty generalizing Bughin et al. (2018)  21.54
(18.9)
Risk of bias Bughin et al. (2018) 17.56
(18.0)

Organizational challenges on the ability to integrate AI for innovation
(Constant Sum,; assign a total of 100 points; n = 133)

Resistance to Al integration of internal Keller et al. (2019) 19.52
stakeholders (e.g. fear of job loss. no personal ~ Ransbotham et al. (19.7)
benefits. loss of control in current position) (2017)

Building a trusting environment/the right Keller et al. (2019) 22.05
mind-set (19.6)

Security concerns (e.g. cyber fraud) Ransbotham et al. 21.48

(2017) (17.6)

Lack of technical expertise Ransbotham et al. 34.14

(2017) (22.8)
Hiring and retaining Al experts Ransbotham et al. 23.14
(2017) 21)

Hardware (e.g. advanced enough processing Own 11.19
power) (18.1)

Data acquisition and storage Own 17.46

(22.9)

Table A.2. Correlation table cluster variables.

Appendix B

Table B.1. Final measurement items and the psychometric properties

comparative analysis.

References

Afifi, A.A., May, S., Clark, V.A., 2003. Computer-aided Multivariate Analysis. CRC Press.

Agrawal, A., Gans, J.S., Goldfarb, A., 2019. Exploring the impact of artificial Intelligence:
prediction versus judgment. Inf. Econ. Policy 47, 1-6. https://doi.org/10.1016/j.
infoecopol.2019.05.001.

Agrawal, A., Gans, J.S., Goldfarb, A., 2017. What to expect from artificial intelligence.
MIT Sloan Manag. Rev. 58, 23-26.


http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0001
https://doi.org/10.1016/j.infoecopol.2019.05.001
https://doi.org/10.1016/j.infoecopol.2019.05.001
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0003
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0003

J. Fiiller et al.

Ahmed, P., Shepherd, C., 2010. Innovation Management: Context, Strategies, Systems
and Processes. Financial Times Press.

Antonio, V., 2018. How Al is changing sales. Harvard Business Review. https://hbr.org
/2018/07 /how-ai-is-changing-sales.

Armstrong, J.S., Overton, T.S., 1977. Estimating nonresponse bias in mail surveys.

J. Mark. Res. 14, 396-402. https://doi.org/10.2307/3150783.

Ars Technica, 2021. Movie written by algorithm turns out to be hilarious and intense
[WWW Document]. URL https://arstechnica.com/gaming/2021/05/an-ai-wrote-thi
s-movie-and-its-strangely-moving/.

Art. Lebedev Studio, 2020. Create a logo online. Al designer and logo maker nikolay
ironov. [WWW Document]. URL https://ironov.artlebedev.com/.

Balijepally, V., Mangalaraj, G., Iyengar, K., 2011. Are we wielding this hammer
correctly? A reflective review of the application of cluster analysis in information
systems research. J. Assoc. Inf. Syst. 12, 375-413. https://doi.org/10.17705/
1jais.00266.

Barro, S., Davenport, T.H., 2019. People and machines: partners in innovation. MIT Sloan
Manag. Rev. 60, 22-28.

Bartl, M., Fiiller, J., Miihlbacher, H., Ernst, H., 2012. A managers perspective on virtual
customer integration for new product development. J. Prod. Innov. Manag. 29,
1031-1046. https://doi.org/10.1111/j.1540-5885.2012.00946.x.

Benner, M.J., Tushman, M.L., 2015. Reflections on the 2013 decade award —
“exploitation, exploration, and process management: the productivity dilemma
revisited” ten years later. Acad. Manag. Rev. 40, 497-514. https://doi.org/10.5465/
amr.2015.0042.

Bergkvist, L., Rossiter, J.R., 2007. The predictive validity of multiple-item versus single-
item measures of the same constructs. J. Mark. Res. 44, 175-184. https://doi.org/
10.1509/jmkr.44.2.175.

Block, J.H., Fisch, C.O., Hahn, A., Sandner, P.G., 2015. Why do SMEs file trademarks?
Insights from firms in innovative industries. Res. Policy 44, 1915-1930. https://doi.
0rg/10.1016/j.respol.2015.06.007.

Brown, S.L., Eisenhardt, K.M., 1997. The art of continuous change: linking complexity
theory and time-paced evolution in relentlessly shifting organizations. Adm. Sci. Q.
42, 1-34. https://doi.org/10.2307/2393807.

Brynjolfsson, E., McAfee, A., 2017. The business of Artificial Intelligence : what it can —
and cannot — do for your organization. Harvard Business Review. https://hbr.org/
2017/07/the-business-of-artificial-intelligence.

Brynjolfsson, E., Mitchell, T., 2017. What can machine learning do? Workforce
implications. Science 358, 1530-1534. https://doi.org/10.1126/science.aap8062
(80-.).

Autodesk, 2018. General motors: how GM and Autodesk are using generative design for
vehicles of the future [WWW Document]. URL https://blogs.autodesk.com/inth
efold/how-gm-and-autodesk-use-generative-design-for-vehicles-of-the-future/.

Bughin, J., Seong, J., Manyika, J., Chui, M., Joshi, R., 2018. Notes from the Al frontier:
modeling the impact of. Al on the world economy, McKinsey Glob. Inst.

Bygstad, B., Munkvold, B.E., Volkoff, O., 2016. Identifying generative mechanisms
through affordances: a framework for critical realist data analysis. J. Inf. Technol.
https://doi.org/10.1057/jit.2015.13.

Charrad, M., Ghazzali, N., Boiteau, V., Niknafs, A., 2014. NbClust : an R package for
determining the relevant number of clusters in a data set. J. Stat. Softw. 61 (6), 1-36.
https://doi.org/10.18637/jss.v061.i06.

Chen, C.J., Huang, J.W., 2007. How organizational climate and structure affect
knowledge management-the social interaction perspective. Int. J. Inf. Manag. 27,
104-118. https://doi.org/10.1016/j.ijinfomgt.2006.11.001.

Chesbrough, H., 2017. The future of open innovation: the future of open innovation will
be more extensive, more collaborative, and more engaged with a wider variety of
participants. Res. Technol. Manag. 60, 35-38. https://doi.org/10.1080/
08956308.2017.1373048.

Chesbrough, H.W., 2003. The era of open innovation. MIT Sloan Manag. Rev. 127,
34-41.

Christensen, C.M., 2006. The ongoing process of building a theory of disruption. J. Prod.
Innov. Manag. 23, 39-55. https://doi.org/10.1111/j.1540-5885.2005.00180.x.
Christensen, C.M., 1997. The Innovator’s Dilemma: when New Technologies Cause Great

Firms to Fail. Harvard Business Review Press.

Clark, K.B., Wheelwright, S.B., 1995. The Product Innovation Challenge: Competing
through Speed, Quality, and Creativity. Harvard Business School Press, Boston, MA.

Cockburn, I.M., Henderson, R., Stern, S., Professor, H., 2019. The impact of artificial
intelligence on innovation: an exploratory analysis. The Economics of Artificial
Intelligence. University of Chicago Press,, pp. 115-146.

Cooper, R.G., 2014. What’s next? After stage-gate. Res. Technol. Manag. https://doi.org/
10.5437/08956308X5606963.

Cooper, R.G., 1986. Winning at New Products. Addison-Wesley.

Davenport, T., Guha, A., Grewal, D., Bressgott, T., 2019. How artificial intelligence will
change the future of marketing. J. Acad. Mark. Sci. https://doi.org/10.1007/511747-
019-00696-0.

DeepMind, 2020. AlphaFold: a solution to a 50-year-old grand challenge in biology
[WWW Document]. URL https://deepmind.com/blog/article/alphafold-a-solutio
n-to-a-50-year-old-grand-challenge-in-biology.

(Derek) Du, W., Pan, S.L., Leidner, D.E., Ying, W., 2019. Affordances, experimentation
and actualization of fintech: a blockchain implementation study. J. Strateg. Inf. Syst.
28, 50-65. https://doi.org/10.1016/j.jsis.2018.10.002.

Faems, D., 2020. Moving forward quantitative research on innovation management: a
call for an inductive turn on using and presenting quantitative research. R&D Manag.
50, 352-363. https://doi.org/10.1111/radm.12406.

Fecher, F., Winding, J., Hutter, K., Fiiller, J., 2020. Innovation labs from a participants’
perspective. J. Bus. Res. 110, 567-576. https://doi.org/10.1016/j.
jbusres.2018.05.039.

21

Technological Forecasting & Social Change 178 (2022) 121598

Fountaine, T., McCarthy, B., Saleh, T., 2019. Building the Al-powered organization.
Harv. Bus. Rev. 97, 63-73.

Fuchs, C., Diamantopoulos, A., 2009. Using single-item measures for construct
measurement in management research: conceptual issues and application guidelines.
Die Betriebswirtschaft 69, 195.

Fiiller, J., Hutter, K., Hautz, J., Matzler, K., 2014. User roles and contributions in
innovation-contest communities. J. Manag. Inf. Syst. 31, 273-308. https://doi.org/
10.2753/M1S0742-1222310111.

Ginsberg, A., Venkatraman, N., 1985. Contingency perspectives of organizational
strategy: a critical review of the empirical research. Acad. Manag. Rev. 10, 421-434.
https://doi.org/10.5465/amr.1985.4278950.

Gioia, D.A., Chittipeddi, K., 1991. Sensemaking and sensegiving in strategic change
initiation. Strateg. Manag. J. 12, 433-448. https://doi.org/10.1002/
smj.4250120604.

Gruber, M., Heinemann, F., Brettel, M., Hungeling, S., 2010. Configurations of resources
and capabilities and their performance implications: an exploratory study on
technology ventures. Strateg. Manag. J. 31, 1337-1356. https://doi.org/10.1002/
smj.865.

Haefner, N., Wincent, J., Parida, V., Gassmann, O., 2021. Artificial intelligence and
innovation management: a review, framework, and research agenda. Technol.
Forecast. Soc. Chang. 162. https://doi.org/10.1016/j.techfore.2020.120392.

Hair, J., Black, W., Babin, B., Anderson, R., 2014. Multivariate Data Analysis, 7th ed.
Pearson New International Edition.

Hambrick, D.C., 1983. High profit strategies in mature capital goods industries: a
contingency approach. Acad. Manag. J. 26, 687-707. https://doi.org/10.5465/
255916.

Hartigan, J.A., Wong, M.A., 1979. Algorithm AS 136: a K-means clustering algorithm.
Appl. Stat. 28, 100-108. https://doi.org/10.2307/2346830.

Hess, T., Matt, C., Benlian, A., Wiesbock, F., 2016. Options for formulating a digital
transformation strategy. MIS Q. Exec. 15, 123-139.

Hofstetter, R., Aryobsei, S., Herrmann, A., 2018. Should you really produce what
consumers like online? Empirical evidence for reciprocal voting in open innovation
contests. J. Prod. Innov. Manag. 35, 209-229. https://doi.org/10.1111/jpim.12382.

Hollenstein, H., 2003. Innovation modes in the swiss service sector: a cluster analysis
based on firm-level data. Res. Policy 32, 845-863. https://doi.org/10.1016/50048-
7333(02)00091-4.

Jabbouri, R., Truong, Y., Schneckenberg, D., Palmer, M., 2019. Institutional means-ends
decoupling work in industrial R&D project implementation. Ind. Mark. Manag. 80,
296-311. https://doi.org/10.1016/j.indmarman.2019.01.012.

Jarrahi, M.H., 2018. Artificial intelligence and the future of work: human-AI symbiosis in
organizational decision making. Bus. Horiz. 61, 577-586. https://doi.org/10.1016/].
bushor.2018.03.007.

Jebb, A.T., Parrigon, S., Woo, S.E., 2017. Exploratory data analysis as a foundation of
inductive research. Hum. Resour. Manag. Rev. 27, 265-276. https://doi.org/
10.1016/j.hrmr.2016.08.003.

Kakatkar, C., Bilgram, V., Fiiller, J., 2020. Innovation analytics: leveraging artificial
intelligence in the innovation process. Bus. Horiz. 63, 171-181. https://doi.org/
10.1016/j.bushor.2019.10.006.

Kane, B.G.C., Palmer, D., Phillips, A.N., Kiron, D., Buckley, N., 2017. Achieving digital
maturity, MIT Sloan Management Review and Deloitte University Press.

Kane, G.C., Palmer, D., Phillips, A.N., Kiron, D., Buckley, N., 2015. Strategy, not
technology, drives digital transformation. MIT Sloan Manag. Rev.

Keding, C., 2021. Understanding the interplay of artificial intelligence and strategic
management: four decades of research in review. Manag. Rev. Q. 71, 91-134.
https://doi.org/10.1007/511301-020-00181-X/TABLES/4.

Keller, R., Stohr, A., Fridgen, G., Lockl, J., Rieger, A., 2019. Affordance-experimentation-
actualization theory in artificial intelligence research: a predictive maintenance
story. In: Proceedings of the 40th International Conference on Information Systems,
ICIS, 2019, pp. 1-17.

Ketchen, D.J., Shook, C.L., 1996. The application of cluster analysis in strategic
management research. Strateg. Manag. J. 17, 441-458. https://doi.org/10.2991/
icessms-16.2017.104.

Keum, D.D., See, K.E., 2017. The influence of hierarchy on idea generation and selection
in the innovation process. Organ. Sci. 28, 653-669. https://doi.org/10.1287/
orsc.2017.1142.

Kiron, D., Schrage, M., 2019. Strategy for and with AI. MIT Sloan Manag. Rev. 60, 30-35.

Kohler, T., 2016. Corporate accelerators: building bridges between corporations and
startups. Bus. Horiz. https://doi.org/10.1016/j.bushor.2016.01.008.

Krish, S., 2011. A practical generative design method. Comput. Aided Des. 43, 88-100.
https://doi.org/10.1016/j.cad.2010.09.009.

Kumar, V., Persaud, A.N.S., Kumar, U., 1996. To terminate or not an ongoing R&D
project: a managerial dilemma. IEEE Trans. Eng. Manag. 43, 273-284. https://doi.
org/10.1109/17.511838.

Kumar, V., Rajan, B., Venkatesan, R., Lecinski, J., 2019. Understanding the role of
artificial intelligence in personalized engagement marketing. Calif. Manag. Rev.
https://doi.org/10.1177,/0008125619859317.

Lakhani, K.R., 2016. The Antidote to HiPPOs: Crowd Voting. Harvard Business Review.

Lakhani, K.R., lansiti, M., 2020. Competing in the Age of Al strategy and Leadership
When Algorithms and Networks Run the World,. Harvard Business School Press
Books.

Luthans, F., Stewart, T.I., 1978. The reality or illusion of a general contingency theory of
management: a response to the Longenecker and Pringle critique. Acad. Manag. Rev.
https://doi.org/10.5465/amr.1978.4306049.

Majchrzak, A., Markus, M.L., 2014. Technology affordances and constraints.
Encyclopedia of Management Theory.


http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0004
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0004
https://hbr.org/2018/07/how-ai-is-changing-sales
https://hbr.org/2018/07/how-ai-is-changing-sales
https://doi.org/10.2307/3150783
https://arstechnica.com/gaming/2021/05/an-ai-wrote-this-movie-and-its-strangely-moving/
https://arstechnica.com/gaming/2021/05/an-ai-wrote-this-movie-and-its-strangely-moving/
https://ironov.artlebedev.com/
https://doi.org/10.17705/1jais.00266
https://doi.org/10.17705/1jais.00266
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0011
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0011
https://doi.org/10.1111/j.1540-5885.2012.00946.x
https://doi.org/10.5465/amr.2015.0042
https://doi.org/10.5465/amr.2015.0042
https://doi.org/10.1509/jmkr.44.2.175
https://doi.org/10.1509/jmkr.44.2.175
https://doi.org/10.1016/j.respol.2015.06.007
https://doi.org/10.1016/j.respol.2015.06.007
https://doi.org/10.2307/2393807
https://hbr.org/2017/07/the-business-of-artificial-intelligence
https://hbr.org/2017/07/the-business-of-artificial-intelligence
https://doi.org/10.1126/science.aap8062
https://blogs.autodesk.com/inthefold/how-gm-and-autodesk-use-generative-design-for-vehicles-of-the-future/
https://blogs.autodesk.com/inthefold/how-gm-and-autodesk-use-generative-design-for-vehicles-of-the-future/
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0019
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0019
https://doi.org/10.1057/jit.2015.13
https://doi.org/10.18637/jss.v061.i06
https://doi.org/10.1016/j.ijinfomgt.2006.11.001
https://doi.org/10.1080/08956308.2017.1373048
https://doi.org/10.1080/08956308.2017.1373048
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0024
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0024
https://doi.org/10.1111/j.1540-5885.2005.00180.x
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0026
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0026
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0027
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0027
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0028
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0028
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0028
https://doi.org/10.5437/08956308X5606963
https://doi.org/10.5437/08956308X5606963
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0030
https://doi.org/10.1007/s11747-019-00696-0
https://doi.org/10.1007/s11747-019-00696-0
https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology
https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology
https://doi.org/10.1016/j.jsis.2018.10.002
https://doi.org/10.1111/radm.12406
https://doi.org/10.1016/j.jbusres.2018.05.039
https://doi.org/10.1016/j.jbusres.2018.05.039
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0036
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0036
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0037
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0037
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0037
https://doi.org/10.2753/MIS0742-1222310111
https://doi.org/10.2753/MIS0742-1222310111
https://doi.org/10.5465/amr.1985.4278950
https://doi.org/10.1002/smj.4250120604
https://doi.org/10.1002/smj.4250120604
https://doi.org/10.1002/smj.865
https://doi.org/10.1002/smj.865
https://doi.org/10.1016/j.techfore.2020.120392
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0043
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0043
https://doi.org/10.5465/255916
https://doi.org/10.5465/255916
https://doi.org/10.2307/2346830
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0046
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0046
https://doi.org/10.1111/jpim.12382
https://doi.org/10.1016/S0048-7333(02)00091-4
https://doi.org/10.1016/S0048-7333(02)00091-4
https://doi.org/10.1016/j.indmarman.2019.01.012
https://doi.org/10.1016/j.bushor.2018.03.007
https://doi.org/10.1016/j.bushor.2018.03.007
https://doi.org/10.1016/j.hrmr.2016.08.003
https://doi.org/10.1016/j.hrmr.2016.08.003
https://doi.org/10.1016/j.bushor.2019.10.006
https://doi.org/10.1016/j.bushor.2019.10.006
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0054
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0054
https://doi.org/10.1007/S11301-020-00181-X/TABLES/4
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0056
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0056
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0056
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0056
https://doi.org/10.2991/icessms-16.2017.104
https://doi.org/10.2991/icessms-16.2017.104
https://doi.org/10.1287/orsc.2017.1142
https://doi.org/10.1287/orsc.2017.1142
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0059
https://doi.org/10.1016/j.bushor.2016.01.008
https://doi.org/10.1016/j.cad.2010.09.009
https://doi.org/10.1109/17.511838
https://doi.org/10.1109/17.511838
https://doi.org/10.1177/0008125619859317
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0065
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0065
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0065
https://doi.org/10.5465/amr.1978.4306049
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0067
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0067

J. Fiiller et al.

Manzini, R., Lazzarotti, V., 2016. Intellectual property protection mechanisms in
collaborative new product development. R&D Manag. 46, 579-595. https://doi.org/
10.1111/radm.12126.

Markus, M.L., Silver, M., 2008. A foundation for the study of IT effects: a new look at
DeSanctis and Poole’s concepts of structural features and spirit. J. Assoc. Inf. Syst. 9,
609-632. https://doi.org/10.17705/1jais.00176.

MIT SMR Connections, 2019. Implementing Al: from exploration to execution. MIT Sloan
Manag. Rev.

Nagji, G., Tuff, G., 2012. Managing your innovation portfolio. Harv. Bus. Rev. 90, 66-74.

Nambisan, S., Baron, R.A., 2013. Entrepreneurship in innovation ecosystems:
entrepreneurs’ self-regulatory processes and their implications for new venture
success. Entrep. Theory Pract 37, 1071-1097. https://doi.org/10.1111/j.1540-
6520.2012.00519.x.

Nambisan, S., Lyytinen, K., Majchrzak, A., Song, M., 2017. Digital innovation
management: reinventing innovation management research. MIS Q. 41, 223-238.
https://doi.org/10.25300/MISQ/2017/41.

Nambisan, S., Siegel, D., Kenney, M., 2018. On open innovation, platforms, and
entrepreneurship. Strateg. Entrep. J. 12, 354-368. https://doi.org/10.1002/
s€j.1300.

Ng, A., 2016. What Artifical Intelligence Can and can’t do Right Now. Harvard Business
Review 9.

O’Reilly, C.A., Tushman, M.L., 2011. Organizational ambidexterity in action: how
managers explore and exploit. Calif. Manag. Rev. 53, 5-22. https://doi.org/
10.1525/cmr.2011.53.4.5.

Ortt, J.R., Van Der Duin, P.A., 2008. The evolution of innovation management towards
contextual innovation. Eur. J. Innov. Manag. 11, 522-538. https://doi.org/10.1108/
14601060810911147.

Perez-Aleman, P., 2011. Collective learning in global diffusion: spreading quality
standards in a developing country cluster. Organ. Sci. 22, 173-189. https://doi.org/
10.1287/0rsc.1090.0514.

Punj, G., Stewart, D.W., 1983. Cluster analysis in marketing research: review and
suggestions for application. J. Mark. Res. 20, 134-148. https://doi.org/10.2307/
3151680.

Ransbotham, S., Gerbert, P., Reeves, M., Kiron, D., Spira, M., 2018. Artificial intelligence
in business gets real, MIT Sloan management review and the Boston Consulting
Group.

Ransbotham, S., Kiron, D., Gerbert, P., Reeves, M., 2017. Reshaping business with
artificial intelligence: closing the gap between ambition and action. MITSloan Mang.
Rev. https://doi.org/10.3934/dcdsb.2008.10.925. Bost. Consult. Gr.

Rhyn, M., Blohm, I., 2017. Combining collective and artificial intelligence: towards a
design theory for decision support in crowdsourcing. In: Proceedings of the 25th
European Conference on Information Systems, pp. 2656-2666.

Ries, E., 2011. The Lean Startup: How Constant Innovation Creates Radically Successful
Businesses. Portfolio Penguin.

Roberts, E.B., 2007. Managing invention and innovation. Res. Technol. Manag. 50,
35-54. https://doi.org/10.1080,/08956308.2007.11657418.

Roberts, E.B., Frohman, A.L., 1978. Strategies for improving research utilization.
Technol. Rev. 80, 32-39.

Rogers, E.M., 2003. Diffusion of Innovations. Free Press, New York.

Rothwell, R., 1994. Towards the fifth-generation innovation process. Int. Mark. Rev. 11,
7-31. https://doi.org/10.1108/02651339410057491.

Shirado, H., Christakis, N.A., 2017. Locally noisy autonomous agents improve global
human coordination in network experiments. Nature 545, 370-374. https://doi.org/
10.1038/nature22332.

Smith, P.G., 2007. Flexible Product Development: Building Agility for Changing Markets.
John Wiley & Sons.

Spector, P.E., Rogelberg, S.G., Ryan, A.M., Schmitt, N., Zedeck, S., 2014. Moving the
pendulum back to the middle: reflections on and introduction to the inductive
research special issue of journal of business and psychology. J. Bus. Psychol. 29,
499-502. https://doi.org/10.1007/s10869-014-9372-7.

Tekic, Z., Cosic, 1., Katalinic, B., 2019. Manufacturing and the rise of artificial
intelligence: innovation challenges. In: Katalinic, B. (Ed.), Proceedings of the 30TH
DAAAM International Symposium on Intelligent Manufacturing and Automation.
Vienna. DAAAM International, pp. 192-0196. In: 10.2507/30th.daaam.procee
dings.025.

Terlaak, A., 2007. Order without law? The role of certified management standards in
shaping socially desired firm behaviors. Acad. Manag. Rev. 32, 968-985. https://doi.
org/10.5465/AMR.2007.25275685.

Tidd, J., Bessant, J., 2013. Managing Innovation: integrating Technological, Market and
Organizational Change, 5th ed.

TNW, 2020 a. Confetti, koalas, and candles of love: backstage at the Al song contest
[WWW Document]. URL https://thenextweb.com/news/confetti-koalas-and-candles
-of-love-backstage-at-eurovisions-ai-song-contest.

22

Technological Forecasting & Social Change 178 (2022) 121598

TNW, 2020 b. These Al lyrics are so emo people think they’re my chemical romance
[WWW Document]. URL https://thenextweb.com/news/this-ai-wrote-such-emo-
lyrics-that-humans-thought-it-was-my-chemical-romance.

TNW, 2020 c. How an Al graphic designer convinced clients it was human [WWW
Document]. URL https://thenextweb.com/news/how-an-ai-graphic-designer-c
onvinced-clients-it-was-human.

Tushman, M.L., O’Reilly, C.A., 1996. Ambidextrous organizations: managing
evolutionary and revolutionary change. Calif. Manag. Rev. 38, 8-29. https://doi.
org/10.2307/41165852.

Verbano, C., Crema, M., Venturini, K., 2015. The identification and characterization of
open innovation profiles in Italian small and medium-sized enterprises. J. Small Bus.
Manag. 53, 1052-1075. https://doi.org/10.1111/jsbm.12091.

Verganti, R., Vendraminelli, L., Iansiti, M., 2020. Innovation and design in the age of
artificial intelligence. J. Prod. Innov. Manag. 37, 212-227. https://doi.org/10.1111/
jpim.12523.

Volberda, H.W., van der Weerdt, N., Verwaal, E., Stienstra, M., Verdu, A.J., 2012.
Contingency fit, institutional fit, and firm performance: a metafit approach to
organization-environment relationships. Organ. Sci. 23, 1040-1054. https://doi.
org/10.1287/0rsc.1110.0687.

von Hippel, E., von Krogh, G., 2006. Free revealing and the private-collective model for
innovation incentives. R&D Manag. 36, 295-306. https://doi.org/10.1111/1.1467-
9310.2006.00435.x.

von Krogh, G., 2018. Artificial intelligence in organizations: new opportunities for
phenomenon-based theorizing. Acad. Manag. Discov. https://doi.org/10.5465/
amd.2018.0084.

Wijen, F., 2014. Means versus ends in opaque institutional fields: trading off compliance
and achievement in sustainability standard adoption. Acad. Manag. Rev. 39,
302-323. https://doi.org/10.5465/amr.2012.0218.

Wilson, J.H., Daugherty, P.R., 2018. Collaborative intelligence: humans and Al are
joining forces. Harv. Bus. Rev. 96, 114-123.

Zammuto, R.F., Griffith, T.L., Majchrzak, A., Dougherty, D.J., Faraj, S., 2007.
Information technology and the changing fabric of organization. Organ. Sci. 18,
749-762. https://doi.org/10.1287/orsc.1070.0307.

Zeng, D., Tim, Y., Yu, J., Liu, W., 2020. Actualizing big data analytics for smart cities: a
cascading affordance study. Int. J. Inf. Manag. 54. https://doi.org/10.1016/j.
ijinfomgt.2020.102156.

Johann Fiiller is Professor for Innovation & Entrepreneurship at the University of Inns-
bruck. His-research interests are in the area of artificial intelligence, open innovation,
crowdsourcing, corporate entrepreneurship, and digitalization. As co-founder and CEO of
HYVE AG, Johann empowers international corporations to innovate and to become more
entrepreneurial.

Katja Hutter is a Professor for Innovation & Entrepreneurship at the Innsbruck University
School of Management and an executive coach. Her research examines the digital trans-
formation of companies and industries particularly in the areas of the management of
innovation, user centralization, crowdsourcing, agile and lean startup.

Julian Wahl is a Research Assistant and PhD Candidate at the Chair of Innovation and
Entrepreneurship. His-research focus is on open innovation, crowdsourcing and the
application of text mining and artificial intelligence in innovation management. He holds
an MSc in Strategic Management at the University of Innsbruck.

Volker Bilgram is a managing director at HYVE, an innovation and design company. He is
an associated researcher at the TIM Group of RWTH Aachen University, where he earned
his PhD. His-research focus is on co-creation and service innovation as well the impact of
new technologies on innovation management.

Zeljko Tekic is Associate Professor at the Graduate School of Business, HSE University,
Moscow. His-research interest evolves around topics of startups and digital trans-
formation, and the development of tools and methodologies for understanding them.
Before his appointment at the HSE University, Zeljko was an assistant professor at the
Skolkovo Institute of Science and Technology (Moscow) and at the University of Novi Sad
(Serbia), where he earned his PhD in Engineering Management. Zeljko was a postdoctoral
scholar at the Fraunhofer Institute for Industrial Engineering in Stuttgart and at Freie
Universitat Berlin. More recently, he was a visiting researcher and a visiting professor at
the Massachusetts Institute of Technology (US).


https://doi.org/10.1111/radm.12126
https://doi.org/10.1111/radm.12126
https://doi.org/10.17705/1jais.00176
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0071
https://doi.org/10.1111/j.1540-6520.2012.00519.x
https://doi.org/10.1111/j.1540-6520.2012.00519.x
https://doi.org/10.25300/MISQ/2017/41
https://doi.org/10.1002/sej.1300
https://doi.org/10.1002/sej.1300
https://doi.org/10.1525/cmr.2011.53.4.5
https://doi.org/10.1525/cmr.2011.53.4.5
https://doi.org/10.1108/14601060810911147
https://doi.org/10.1108/14601060810911147
https://doi.org/10.1287/orsc.1090.0514
https://doi.org/10.1287/orsc.1090.0514
https://doi.org/10.2307/3151680
https://doi.org/10.2307/3151680
https://doi.org/10.3934/dcdsb.2008.10.925
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0082
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0082
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0082
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0083
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0083
https://doi.org/10.1080/08956308.2007.11657418
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0085
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0085
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0086
https://doi.org/10.1108/02651339410057491
https://doi.org/10.1038/nature22332
https://doi.org/10.1038/nature22332
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0089
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0089
https://doi.org/10.1007/s10869-014-9372-7
http://10.2507/30th.daaam.proceedings.025
http://10.2507/30th.daaam.proceedings.025
https://doi.org/10.5465/AMR.2007.25275685
https://doi.org/10.5465/AMR.2007.25275685
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0093
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0093
https://thenextweb.com/news/confetti-koalas-and-candles-of-love-backstage-at-eurovisions-ai-song-contest
https://thenextweb.com/news/confetti-koalas-and-candles-of-love-backstage-at-eurovisions-ai-song-contest
https://thenextweb.com/news/this-ai-wrote-such-emo-lyrics-that-humans-thought-it-was-my-chemical-romance
https://thenextweb.com/news/this-ai-wrote-such-emo-lyrics-that-humans-thought-it-was-my-chemical-romance
https://thenextweb.com/news/how-an-ai-graphic-designer-convinced-clients-it-was-human
https://thenextweb.com/news/how-an-ai-graphic-designer-convinced-clients-it-was-human
https://doi.org/10.2307/41165852
https://doi.org/10.2307/41165852
https://doi.org/10.1111/jsbm.12091
https://doi.org/10.1111/jpim.12523
https://doi.org/10.1111/jpim.12523
https://doi.org/10.1287/orsc.1110.0687
https://doi.org/10.1287/orsc.1110.0687
https://doi.org/10.1111/j.1467-9310.2006.00435.x
https://doi.org/10.1111/j.1467-9310.2006.00435.x
https://doi.org/10.5465/amd.2018.0084
https://doi.org/10.5465/amd.2018.0084
https://doi.org/10.5465/amr.2012.0218
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0104
http://refhub.elsevier.com/S0040-1625(22)00130-5/sbref0104
https://doi.org/10.1287/orsc.1070.0307
https://doi.org/10.1016/j.ijinfomgt.2020.102156
https://doi.org/10.1016/j.ijinfomgt.2020.102156

	How AI revolutionizes innovation management – Perceptions and implementation preferences of AI-based innovators
	1 Introduction
	2 Theoretical background
	2.1 Innovation management
	2.2 AI-based innovation management
	2.3 The organizational setup for AI-based innovation management
	2.4 Perceptions and organizational context

	3 Empirical study
	3.1 Research design
	3.2 Measures
	3.2.1 Perceptions
	3.2.2 Implementation preferences
	3.2.3 Organizational context

	3.3 Sample description

	4 Findings
	4.1 Status Quo
	4.2 Perception of AI for innovation
	4.2.1 Perceived potential

	4.3 Implementation preferences for AI-based innovation
	4.3.1 Cluster analysis
	4.3.2 Clustering procedure
	4.3.3 AI-Occasional innovators
	4.3.4 AI-Practitioners
	4.3.5 AI-Frontrunners

	4.4 Cluster comparison – from AI-Frontrunners to non-AI innovators
	4.4.1 Perceived potential
	4.4.2 Perceived importance in innovation tasks
	4.4.3 Perceived understanding
	4.4.4 Perceived constraints
	4.4.5 Organizational context


	5 Discussion and implications
	6 Conclusion and research outlook
	CRediT authorship contribution statement
	Appendix A
	Appendix B
	References


