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ABSTRACT

Academic Summary: By integrating artificial intelligence (AI) platforms into their processes, firms aim to enhance their
strategic capabilities and gain a competitive advantage. This study investigates the impact of such platforms on value generation
within solution-based strategies, proposing two connected mechanisms. First, AI platforms foster collaborative value systems
between firms and value-chain agents across the stages of the solution delivery process (i.e., problem identification, solution
development, and solution implementation). Second, such cooperation could foster the development of situating capabilities (i.e.,
grounding, bounding, and recasting), which are conceptually linked to the mitigation of situated agency constraints that stifle
value creation within productive systems. These relationships underscore the value generation potential of AI platforms for
solution providers, extending the premise of situated AI capabilities to the organizational and inter-organizational level. Data
collected from 570 Spanish manufacturing firms in 2023 reveals that firms utilizing AI platforms exhibit greater cooperative and
situating capability-building behavior during the problem identification and solution implementation stages. However, no signif-
icant association is found between AI platforms and the more creative stage of solution development. The study provides novel
insights into the interplay between Al platforms, user cooperation, situated agency, and strategic capabilities as drivers of value
generation and advancement of the AI-dominated paradigm. Theoretical and practical implications are discussed.

Managerial Summary: This study highlights the strategic role of AI platforms in enhancing collaboration between manufac-
turers and solution seekers throughout the solution delivery process. AI technologies facilitate collective learning, adaptation,
and knowledge sharing, particularly during the diagnostic and implementation stages, where real-time data processing and
predictive analytics help tailor solutions to user-specific challenges. This more effective coordination is essential for mitigating
agency problems that arise due to asymmetric information or misaligned objectives within complex solution systems. However,
the findings reveal that AI's influence is limited in the co-creation of solution design and development, which relies heavily on
human insight, creativity, and contextual judgment. Managers should therefore not view Al as a substitute for human input, but
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rather as a complementary tool that enhances efficacy and integration. For firms seeking to strengthen their solution-oriented

strategies, the key takeaway is that maintaining a balanced approach—combining AlI-enabled collaboration with human inge-

nuity—will improve solution outcomes and sustain competitive advantage in markets increasingly shaped by personalization

and customer-specific problem solving.

Summary

» Findings offer new insights into AI's role in ena-
bling organizational and inter-organizational value
creation.

« AT platforms enhance strategic capabilities by foster-
ing cooperation in solution-based business models.

» Al-induced cooperation strengthens strategic situ-
ating capabilities during problem identification and
solution implementation stages.

« AT platforms help address agency constraints by
improving coordination and facilitating collective
knowledge collection, sharing, and adaptation.

« A balanced Al-human approach is essential for ef-
fective solution strategies and sustained competitive
advantage.

1 | Introduction

Artificial intelligence (AI) is transforming the way productive
firms generate value and develop strategic capabilities (Sullivan
and Wamba 2024), including enhancement of their high-value
solution delivery capabilities (Kohtamiki et al. 2024). Unlike
traditional standardized product business models, solution
delivery allows producers to offer more targeted utility that
caters to customers' specific needs and thus generates greater
value differentiation and competitive advantage (Lafuente and
Sallan 2024; Storbacka 2011). AI can boost firms' capacity for di-
agnosis, solution development, and solution implementation as
they transition towards the adoption of solution-based strategies
(Baden-Fuller and Morgan 2010; see also Spanjol et al. 2024 for
a similar perspective in the context of new product development
(NPD) stages). Solution delivery has been closely associated with
the digital transformation of industries and the rise of smart
production (Vendrell-Herrero et al. 2022). AI not only helps
producers navigate the complexities of delivering customizable
solutions (Vaillant, Vendrell-Herrero, et al. 2025), but also sup-
ports the development of industry-specific applications (Weber
et al. 2024) and scalable solution business models (Leppidnen
et al. 2023; Sjodin et al. 2022).

Al is also transforming value generation by facilitating col-
laborative value systems among interoperating firms, devel-
opers, and value-chain agents that co-innovate and co-create
value with unprecedented synchrony (Jia et al. 2024; Lafuente,
Vaillant, and Rabetino 2023; Wamba et al. 2022), largely due to
the data connectivity, sharing, storage, and processing capacity
that digitization, and AI in particular, has introduced to produc-
tive ecosystems. Firms are integrating AI into their operations,
either as task-specific Al software tools or through AT platforms

(Berente et al. 2021). The latter are multi-actor digital platform
ecosystems designed to facilitate interaction among diverse, in-
dependent participants (Jovanovic et al. 2022; Parker et al. 2017;
Schreieck et al. 2023). Al-based innovation platforms are flex-
ible software systems that enable collaboration by providing
shared functionality across interacting modules, supporting
co-innovation and the development of complementary products
(Cusumano et al. 2020; Lafuente, Vaillant, and Rabetino 2023;
Lafuente, Vaillant, and Vendrell-Herrero 2023; Nambisan
et al. 2018). Due to their accessibility, AI platforms are an in-
creasingly popular choice for developing Al-enabled capabilities
(Cusumano et al. 2020; Jovanovic et al. 2022).

AT platforms can also potentially enhance value creation within
solution delivery ecosystems by stimulating collaboration, which
helps mitigate the constraints of situated agency challenges. The
capabilities enabled by AI platforms are regarded as “situating”
because they help firms adjust to the agency constraints at play
within the context of solution delivery ecosystems in which
agents interact.

According to situated AI theory, grounding, bounding, and re-
casting capabilities are key factors of AI-generated value creation
(Kemp 2024). Solution delivery ecosystems must be grounded in
order to generate competitive advantages and viability, which is
achieved when they can collectively learn, adjust, and calibrate
activities in response to context-specific conditions and the needs
of solution seekers (Kemp 2024). But these ecosystems must also
be bounded, whereby they can address the risk of knowledge
expropriation by establishing clear interoperational guidelines
and role assignment to all agents (Heiman and Nickerson 2004).
Finally, solution delivery ecosystems must be able to recast them-
selves by synchronously evolving their agents’ conjoined routines
to thus overcome the myopic stagnation that often characterizes
such productive systems (Balasubramanian et al. 2022).

This article therefore addresses the following research question:
Can the use of Al platforms act as a cooperation enabler that fa-
cilitates the development of these AI-driven situating capabilities?

This study responds to calls to fill gaps in the literature (Berg
et al. 2023; Verganti et al. 2020) by evaluating the cooperation-
enabling capacity of AI platforms within the solution delivery
process. It also tests whether platform-enabled collaboration
contributes to the development of key strategic Al-driven sit-
uating capabilities within the resulting solution delivery eco-
systems. We do so by comparing the solution delivery process
(examining the stages of problem identification, solution devel-
opment, and solution implementation) of manufacturing firms
that use modular AI platforms with those that do not.

The empirical research is based on a bespoke survey of 570
Spanish manufacturing firms in 2023. We find that firms
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utilizing AI platforms are significantly more likely to engage
in cooperative behavior with their clients during the problem
identification and solution implementation stages than during
solution development. Furthermore, Al-facilitated collabora-
tions during problem identification and solution implemen-
tation positively correlate with grounding, bounding, and
recasting situating capabilities, which are strategic mecha-
nisms that support value generation in firms adopting solution
business models.

Our theoretical model provides three significant insights into
the role of AT platforms in cooperation with end users and the
development of strategic capabilities. First, this study pioneers
the exploration of the antecedents of Al-induced situating capa-
bilities, elevating and extending the recently proposed theory of
situated AI (Kemp 2024) to productive ecosystems. It also con-
tributes to management theory by conceptualizing organiza-
tions as algorithms, following Glaser et al. (2024), and answers
calls for research into AI from a strategic management per-
spective (Raisch and Krakowski 2021). Second, it establishes
a clear connection between the utilization of innovation-based
AT platforms, user cooperation, and strategic capabilities, offer-
ing a pathway for enhancing value generation and advancing
the evolving AI-dominated paradigm, an area of increasing ac-
ademic interest (Berg et al. 2023; Verganti et al. 2020).

Third, our study distinguishes between different stages of the
solution delivery process involving end users, highlighting the
critical role of AI platforms in enabling cooperation during
the problem identification and solution implementation stages
of solution delivery. However, it also acknowledges the limita-
tions of AI platforms in processes requiring inventiveness, such
as solution development and design, thereby corroborating re-
cent claims that human intervention remains important in AI
platform management (Jia et al. 2024).! In doing so, this article
complements recent research on the complementarity between
machine and human input in AI platforms, and the role that the
latter could potentially play in addressing the “intra” and “inter”
organizational agency challenges that often obstruct value gen-
eration (Bouschery et al. 2023; Gama and Magistretti 2023;
Kemp 2024).

Our quantitative study is based on a rigorous two-stage If-
Then model (Dorobantu et al. 2024; Zhang and Shaw 2012).
Specifically, “if” the observed manufacturers are making use
of AI platforms, “then” they are significantly more likely to
engage in collaboration during their solution delivery process.
Moreover, “if” they do so, “then” they are more likely to develop
situating capabilities that unlock value generation within pro-
ductive systems. Innovation-based AI platforms, even those not
purposefully designed to foster collaboration, can nevertheless
facilitate such behavior among actors within the same solution
delivery system.

The findings provide a solid foundation for future process stud-
ies to build on to analyze how and which innovation-based AI
platforms best serve value creation within productive systems.

The article is structured as follows. Section 2 presents the theo-
retical background; Section 3 develops the hypotheses; Section 4
addresses the methodological issues; Section 5 presents the

results; Section 6 discusses the findings and identifies promising
avenues for future inquiry, and Section 7 concludes.

2 | Background

“Artificial intelligence” refers to a computer system that is pro-
ficient in integrating external data, extracting valuable insights,
and utilizing those insights to accomplish specific objectives
(Haenlein and Kaplan 2019). This includes its inherent abil-
ity to autonomously learn, make decisions, and perform tasks,
many of which have traditionally been associated with human
cognition. This study focuses on firms that adopt externally-
developed AI and do not necessarily conduct R&D activities of
their own in this specific field (Li et al. 2023). AI adoption can
enhance firm productivity “by automating tasks, enhancing cre-
ativity, improving accuracy and efficiency, and streamlining de-
velopment processes” (Ebert and Louridas 2023, 34), which can
be achieved by introducing AT to the productive process either as
task-specific AI tools, or as Al platforms. This research focuses
exclusively on the latter.

2.1 | AI Platforms

Digital platforms are multi-actor, supra-organizational eco-
systems engineered to foster interactions among diverse,
autonomous participants, each pursuing their own agen-
das (Jovanovic et al. 2022; Parker et al. 2017; Rojas-Segura
et al. 2023; Schreieck et al. 2023). The literature distinguishes
between two main types: transaction and innovation plat-
forms (Nambisan et al. 2018; Cusumano et al. 2019; Cusumano
et al. 2020). This study only focuses on the latter and hence
does not address platforms like Etsy and eBay, which facil-
itate exchanges between consumers and producers for a fee
(Nambisan et al. 2018), its sub-categories such as e-commerce
platforms (e.g., Temu), content distribution platforms (e.g.,
Spotify), social media platforms (e.g., TikTok), or search en-
gines (e.g., Google Search) (Parker et al. 2017).

Innovation platforms “consist of common technological
building blocks that the owner and ecosystem partners can
share in order to create new complementary products and ser-
vices” (Cusumano et al. 2019, 18). AI platforms like OpenAl's
ChatGPT, Google's Gemini, and Microsoft's Copilot, together
with cloud-based AI services such as Microsoft's Azure Al,
are categorized as innovation platforms because they foster
interaction, establishing an environment conducive to inno-
vation, where partners can develop complementary products
(Cusumano et al. 2020; Nambisan et al. 2018). They also am-
plify the externalities of analogue platforms, such as techno-
logical spillovers (Jacobides et al. 2024; Wamba et al. 2023),
and promote compatibility of third-party applications and
modules through standardization and modular separation
(Weber et al. 2024).

Al-based innovation platforms can thus be defined as adaptable
software systems that enable interaction by providing essential
functionality that is shared across cooperating modules (Tiwana
et al. 2010). By expanding their users' capabilities, these plat-
forms offer resourcing and securing advantages through this

9SULIIT suowwo)) dAned1) djqesrjdde oY) Aq pautoao a1e sao1IE Y 9sn Jo sa[N1 10f AIRIqIT SUIUQ AJ[IA\ UO (SUOLIPUOD-PUB-SULIA)/ WO AI[IM’ ATRIqI[AUI[U0//:5d)Y) SUONIPUO) pue SULID ], 3y} 39S [$707/80/11] uo Areiqiy suruQ ASJip ‘eseeA JO Ansioarun £q L8] widly1 [ 1°01/10p/woo Ao[im A1eiqrjaurjuo//:sdny woiy papeoumod ‘0 ‘S88S0HS 1



core functionality, which is shared by interoperating modules
and complementary offerings (Jovanovic et al. 2022; Parker
et al. 2017). Thus, access to Al platforms allows resource-
constrained actors to tap into the transformative potential
of powerful AI technologies (Nambisan et al. 2018; Wamba
et al. 2022).

2.2 | AI Platforms and Cooperation

Cooperation is a defining feature of AI platforms as they are
designed to encourage interaction (Cusumano et al. 2019). At
their core lies the cooperation among the community of com-
plementors, developers, and the platform coordinator. However,
Al platforms can also potentially facilitate user collaboration
by enabling coordinated activities between multiple actors
(Davidsson et al. 2020; Jacobides et al. 2018).

Al platforms tend to be much more user-friendly and cost-
effective than task-specific AI or digital tools, which reduces the
skill threshold required for firms to use and benefit from them
(Davidsson and Sufyan 2023; Wamba et al. 2023). The modular
structure of many such platforms enables customization and
hence better alignment with the user's business (Hsuan et al. 2021;
Sullivan and Wamba 2024). Users of Al platforms can also access
the potential advantages of Al software whilst also benefiting
from their conservation (less input) and compression (less time)
mechanisms (Davidsson et al. 2020; Davidsson and Sufyan 2023).

AT platforms often provide infrastructure for data sharing and
integration, enabling users to collaborate by exchanging data
and insights (Springer et al. 2025; von Briel et al. 2018), which,
when leveraged collaboratively, means businesses can bet-
ter identify opportunities, mitigate risks, and optimize strat-
egies (Wamba 2022). AI platforms can also enable resource
pooling, allowing users to access capabilities that might oth-
erwise be prohibitively expensive or too complex to develop
independently (Nambisan et al. 2018). By sharing knowledge,
expertise, and resources, Al platform users can accelerate in-
novation and co-create new value-added solutions that benefit
all participants.

Furthermore, Al platforms enable novel forms of collaborative
intelligence. According to Weber et al. (2024), they support co-
operation not only through infrastructural connectivity but
also by facilitating the co-creation of shared datasets and the
implementation of federated learning systems, meaning multi-
ple users and organizations can jointly train AI models without
directly sharing proprietary data—thus fostering trust, main-
taining privacy, and promoting more distributed and inclusive
knowledge generation (Springer et al. 2025).

Most importantly, AI platforms can act as cooperation enablers
by establishing standardized systems and applications, allow-
ing for greater interoperability through seamless data and com-
munication exchange (Escriba-Carda et al. 2024; Nambisan
et al. 2017; Tiwana et al. 2010). This Al-enabled cooperation
is key to the solution delivery process and supports the situ-
ating capabilities that are so crucial for alleviating common
agency constraints on interorganizational collaboration within
solution-based value generation ecosystems.

3 | Theoretical and Hypothesis Development
3.1 | Solution Delivery Process

Among the most important contributions of digitization to pro-
duction strategies is its ability to deliver greater value-added
through personalized solutions in response to specific problems
(Brady et al. 2005; Lafuente and Sallan 2024). Compared to stan-
dardized production, digital tools, and AI in particular, allow
for greater scalability and cost-efficient customization of supply.
This supports the competitive and customer-oriented virtues
of adopting a solution business model, while mitigating many
of its disadvantages (Shleha et al. 2023; Storbacka et al. 2013;
Vendrell-Herrero et al. 2022).

An optimal solution delivery process is typically composed
of three consecutive stages (Baden-Fuller and Morgan 2010):
identifying the problem, developing a customized solution, and
implementing it effectively. AI can make an important contri-
bution to all three of these stages, and AI platforms make them
more collaborative and, therefore, more effective.

3.1.1 | Problem Identification

This is a crucial starting point on which the success of the sub-
sequent phases depends. It can be addressed passively by the
solution provider, with the client itself diagnosing the specific
issue (Davies et al. 2007) and turning to the solution provider to
request a remedy. However, clients are often better at identifying
symptoms, rather than the underlying causes (Storbacka 2011).
Alternatively, the solution provider can take an active role by
identifying the root cause through observation and diagnostic
research. Both client-based and provider-based problem identifi-
cation are unilateral processes. However, clients are not always
properly equipped or knowledgeable enough to self-diagnose
their problems, separate need from want, or even determine what
exactly itis that requires resolution (Storbacka 2011). Meanwhile,
solution providers, even when endowed with experience and ex-
pertise, may lack the capacity to diagnose their clients’ problems
independently (Schaffhausen and Kowalewski 2015). Hence,
needs-finding is much more effective when undertaken bilater-
ally or multilaterally (Patnaik and Becker 1999). The data and
communication exchange possibilities offered by the interop-
erability of AI platforms can potentially facilitate this process
(Nambisan et al. 2017).

3.1.2 | Solution Development

Once the problem has been clearly defined, an adapted and ef-
fective solution must be developed. This can be done unilaterally
by the solution provider, either as a fully customized response
to the specific client and problem at hand or by offering suit-
ably structured alternatives. Otherwise, the client handles the
development process, with the solution providers merely sup-
plying different market-ready modules and components, which
the client picks and chooses in a self-customization exercise
tailored to the specific nature of the identified problem (Leng
and Zhao 2023). Al software interfaces can potentially facilitate
both of these approaches by improving the alignment between
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the solution provider and seeker, with the modular nature of Al
platforms particularly enhancing the effectiveness of (self-)cus-
tomization capabilities (Hsuan et al. 2021).

Such collaboration between providers, seekers, and users fos-
ters creativity in solution development (Grant and Berry 2011),
and ultimately better aligned and more functional solutions
(Lafuente, Vaillant, and Vendrell-Herrero 2023). This will en-
hance customer embeddedness, integration, operational adapt-
ability, and organizational networking, all of which are key
continuums that contribute to solution-based value creation (see
Storbacka et al. 2013 for a detailed discussion). Hence, AI plat-
forms are likely to play an important role in the solution devel-
opment stage of the delivery process.

3.1.3 | Solution Implementation

This final stage is often under-emphasized, despite its critical
role in successful problem-solving and value creation (Kot and
Leszczynski 2022). It is frequently left in the hands of the client,
but very high failure rates have been documented, largely due
to them being unable or unwilling to implement the proposed
solution effectively (Candido and Santos 2015; De Mast 2013).
When solutions are misaligned with the resources and capa-
bilities of their seekers, implementation is often outsourced to
third-party providers (Sayed et al. 2021), but these may not be
sufficiently familiar with the solution seeker's specific context,
the problem requiring resolution, and/or the proposed solution
(Leng and Zhao 2023).

To ensure effective implementation of long-term solutions to
core problems, the continued involvement of solution provid-
ers or developers during the implementation stage is usually
essential (Paiola et al. 2013), especially in cases of highly cus-
tomized solutions (Lafuente and Sallan 2024; Vendrell-Herrero
et al. 2022). The context in which a solution was developed
often changes over time, raising the danger of obsolescence due
to a growing mismatch between the solution and the problem
it was meant to address (Storbacka 2011; Storbacka et al. 2013).
Long-term relationships between solution providers and seek-
ers are therefore needed in order to ensure the delivery of
truly complete and effective solutions (Lafuente, Vaillant, and
Rabetino 2023; Vendrell-Herrero et al. 2022). Such collabora-
tion helps to build the required relational capital, and ongo-
ing interaction will foster mutual adaptation and hence the
right alignment between solutions and the evolving nature
of the problems they are designed to address (Lafuente and
Vaillant 2023; Vendrell-Herrero et al. 2025).

As enablers of cooperation and facilitators of interoperability,
AT platforms play a crucial role in developing this relational
capital throughout the implementation stage. By standardizing
data and communication flows, they are better equipped to en-
hance cooperation than isolated AI or digital tools (Nambisan
et al. 2017; Tiwana et al. 2010), offering real-time communi-
cation channels, data sharing, and feedback loops between
solution providers and seekers. This ensures continuous mon-
itoring and adjustment during implementation, enabling both
parties to adapt to evolving conditions and unexpected chal-
lenges. For example, in manufacturing, AI platforms leverage

predictive analytics and machine learning to optimize equip-
ment installation and operational adjustments, ensuring
seamless integration into existing systems (Sjodin et al. 2022).
This proactive approach not only minimizes the risk of imple-
mentation failure but also fosters deeper engagement, leading
to more effective and durable solutions.

Drawing on the above arguments, the following hypothesis is
proposed:

H1. The use of AI platforms stimulates greater cooperation
during the solution delivery process.

3.2 | Collaborative Solution Delivery
and AI-Driven Capabilities

As discussed in the previous section, collaboration with part-
ners allows organizations to leverage collective strengths, re-
sources, and capabilities, leading to more innovative, efficient,
and competitive solutions (Lafuente, Vaillant, and Vendrell-
Herrero 2023; Nambisan et al. 2018; von Briel et al. 2018), even
when participants have different goals, technological expertise,
or infrastructure.

Al-facilitated cooperation throughout the solution delivery pro-
cess can therefore be linked to strong competitive advantages,
largely due to better orchestrated ecosystemic activities that
can be more reliably leveraged to create and capture solution-
based value (Winter 2000, 2003; Majchrzak et al. 2023). The
theory of situated AI, which draws on the conceptual founda-
tions of agency (Kemp 2024; Westphal and Zajac 2013), posits
that Al-enabled capabilities are “situating” when they adapt to
the agency constraints within the context in which agents act.
In our study, the solution delivery ecosystem constitutes such a
context and shapes agent behavior and interactions, ultimately
leading to the co-generation of solution-based value.

Such value creation requires “situating capabilities,” which are
purposeful and concerted actions across the entire solution
delivery ecosystem. When this occurs through AI platforms,
three Al-induced situating capabilities are potentially delivered,
namely grounding, bounding, and recasting. As described by
Kemp (2024), these are the constituents of Al-driven compet-
itive advantages? because they help address the generic, artic-
ulate, and myopic agency constraints in such contexts (Moser
et al. 2024). While firms cannot always directly control systemic
agency, they can strategically structure the context using AI-
induced situating capabilities, particularly through platforms,
to make better sense of problems and more effectively apply
solutions (Murray et al. 2021). Each situating capability results
from a constellation of coordinated, interorganizational tacti-
cal moves that synchronously optimize the capabilities of one
ecosystem, laying the foundations for competitive advantage
(Grant 1991; Porter 1985).

Grounding capabilities are situating abilities that steer the eco-
system's value creation through reflexive and deliberate learn-
ing from experience (Kemp 2024; Vaillant, Mora-Esquivel, and
Alvarado 2025). Unlike generic, ad-hoc problem-solving and
indiscriminate data analytics, grounding capabilities fine-tune
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FIGURE1 | Model of hypothesized conceptual framework.

the solution delivery process to the specific context and needs of
solution seekers. Firms intentionally orchestrate data collection
and deployment to address unique problems, and AI platforms
support this process by guiding collaboration, thus helping to
customize the ecosystem's output (Vendrell-Herrero et al. 2025).
As a result, AI platforms are far more effective for fostering
grounding capabilities than AI-driven tools used in isolation,
and ultimately produce greater solution-based value.

Bounding situating capabilities are the orchestrated capac-
ity to manage agency within a solution delivery ecosystem
(Kemp 2024). The participants in such processes are expected
to manage the distribution of the generated benefits, and clear
bounding capabilities prevent hazards such as knowledge expro-
priation, where collectively generated value is sequestered by a
particular party (Heiman and Nickerson 2004). In the absence
of such safeguards, insecurities may discourage participation.
In contrast to individual AT tools, AT platforms facilitate collab-
oration by establishing clear inter-operational guidelines that
define roles and responsibilities within the ecosystem, making
interactions more predictable and reducing concerns about op-
portunistic behavior.

Recasting capabilities refer to a solution delivery ecosystem's
dynamic situating capability to adapt its internal procedures
and technologies by synchronously evolving, updating, and
contextualizing operational, relational, and strategic interde-
pendencies (Kemp 2024) to address misalignments that emerge
over time. Recasting potentially necessitates discussion and en-
gagement from all parties involved in the solution delivery eco-
system, as any change to any single routine can ripple through
the entire system. The complexity of concerted adaptation, es-
pecially when it is proactive and strategic in nature, often leads
to myopic stagnation (Balasubramanian et al. 2022; Vaillant,
Vendrell-Herrero, et al. 2025). Compared to isolated AI or digi-
tal tools, the collaboration facilitated by AI platforms potentially
helps to develop recasting capabilities, which in turn make the
solution ecosystem more dynamic, better aligned, and competi-
tively advantageous.

Taken together, these arguments suggest that user cooperation
throughout the solution delivery process strengthens all three
Al-driven situating capabilities. Consequently, we propose the
following hypothesis:

H2. Cooperation during the solution delivery process leads to
greater Al-driven situating capabilities.

Figure 1 presents the conceptual framework used to theorize the
study's hypotheses for the different stages of the solution deliv-
ery process and different AI-driven situating capabilities.

4 | Empirical Design
4.1 | Sample

The target population comprises manufacturing businesses,
and the data used to test the proposed hypotheses were drawn
from two sources. First, accounting and organizational data for
the selected businesses were obtained from the Spanish SABI
(Sistema de Analisis de Balances Ibéricos) database, from which
an initial sample was drawn of 9413 small and medium-sized
(number of employees <250) and large (>250) firms operating
in manufacturing industries.

Second, a specifically designed questionnaire was administered
(see Section 4.2 for full details). The firm is the unit of analysis,
and the respondents were limited to executives and top man-
agers familiar with their firm's strategic and technological op-
erations. The survey was conducted by a professional market
research and public opinion firm, and the process was directly
monitored by the researchers. Data collection (between June
and September 2023) involved structured interviews based on
closed-ended questions (both dichotomous and Likert-based).

A total of 626 responses were received. After removing obser-
vations with missing data (50 cases) and firms with no employ-
ment data for the survey year (6), the final sample included 570
manufacturing firms, representing an effective response rate of
6.06%. At a 95% confidence level (Z=1.96), the sample is rep-
resentative of the target population, with a sampling margin of
error of 3.98%, which is deemed acceptable for quantitative re-
search (Juslin et al. 2007).

The geographicand organizational diversity further supportsthe
validity of the sample. The respondent firms are well distributed
across Spain's autonomous communities (Catalonia =16.32%,
Valencia=12.63%, Andalusia=11.93%, Madrid =9.47%,
Galicia=7.72%, Murcia=7.54%, Castile-La-Mancha=7.37%,
Basque Country =6.84%, Castile Leon =5.26%, Aragon = 3.86%,
Navarra=3.51%, Asturias=1.75%, Extremadura=1.40%, La
Rioja=1.40%, Canary Islands = 1.23%, Balearic Islands = 1.05%,
and Cantabria =0.70%). Average firm size—in terms of employ-
ees—is 35.57, ranging between 21 and 411 workers. Industry
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breakdown figures are presented in Table 1 and verify the di-
versity of economic activity among the sampled firms.

4.2 | Dependent Variables: Measurement
and Psychometric Properties (Scale Reliability
and Validity) of AI-Induced Situating Capabilities

Based on Kemp's (2024) framework, our questionnaire in-
cluded three sets of questions corresponding to each of the
three Al-driven situating capabilities analyzed in this study:
grounding, bounding, and recasting. For each set of questions,
respondents were asked to rate the importance of various
items related to each situating capability on a 7-point Likert
scale (1=completely disagree, 7=completely agree). These
questions are detailed in Table Al.

Factor analysis was used to verify that the instrument correctly
measures these situating capabilities, as summarized in Table 2.
Diagnostic statistics—namely Cronbach's alpha, the KMO
measure of sampling adequacy, and Bartlett's test of spheric-
ity—validate our approach (Nunnally and Bernstein 1994) and
corroborate that the constructs extracted from the factor model
are reliable and internally consistent.

We also used Loevinger's H coefficients to test the scalability
(i.e., homogeneity) of the set of items included in each latent
construct (Goodman and Kruskal 1979). For the three AI-
driven situating capabilities, the coefficients are above the

TABLE1 | Industry distribution of the sampled firms.

Number Proportion

Industry NACE codes  of cases of total
Food 10-12 149 26.14%
processing

Textile 13 22 3.86%
Chemicals 20-21 39 6.84%
Plastic 22-23 60 10.53%
Metal 24-25 117 20.53%
Electronic and 26-28 82 14.39%
machinery

Furniture 31 19 3.33%
Other 14-18, 29 82 14.39%
Total 570 100.00%

common threshold of 0.50 (grounding = 0.76; bounding =0.75;
and recasting =0.80). These results confirm that the items and
scales are reliable for capturing highly homogeneous, unidi-
mensional latent constructs related to situating capabilities
(Hemker et al. 1995).

Two procedures were carried out to verify the convergent and
discriminant validity of the items used to measure the three
Al-induced situating capabilities. The first test is based on the
correlations among the situating capabilities’ items and the
computed factor scores. As shown in Table 3, all items have a
correlation coefficient with a factor score of their own latent
construct greater than 0.67, which is strong evidence of con-
vergent validity, as the items within each situating capability
are highly correlated. Table 3 also shows that, for the nine an-
alyzed variables, each item's correlation with its own latent
factor is greater than it is with the other factors, evidencing
discriminant validity, as the three situating capabilities are
unrelated (Henseler et al. 2015).

The second validity test involved a descriptive inspection of the
correlation matrix among the estimated constructs related to
the Al-driven situating capabilities and their average variance
extracted (AVE, computed via SEM modeling). As shown in

TABLE 3 | Correlation matrix for the items related to the study's
strategic AI-driven capabilities and the extracted constructs.

Panel A: Panel B: Panel C:
Grounding Bounding Recasting
capabilities capabilities capabilities

Panel A: Grounding capabilities
GR1 0.715 0.597 0.707
GR2 0.843 0.602 0.697
GR3 0.826 0.580 0.734
Panel B: Bounding capabilities
BD1 0.552 0.824 0.612
BD2 0.646 0.809 0.666
BD3 0.587 0.679 0.633
Panel C: Recasting capabilities
RC1 0.731 0.592 0.837
RC2 0.781 0.696 0.869
RC3 0.728 0.688 0.814

Note: The full description of the analyzed items is presented in Table A1.

TABLE 2 | Factor analysis: Summary results for the analyzed situating capabilities.

Construct Number of items  Cronbach’s alpha  Variance explained  Bartlett'stest KMO test
Grounding capabilities 3 0.8937 0.8236 997.41%+* 0.7209
Bounding capabilities 3 0.8802 0.8035 991.327%** 0.7099
Recasting capabilities 3 0.9215 0.8644 1197.78*** 0.7524
Note: *, **, * = significant at the 10%, 5%, and 1% levels, respectively.
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Table 4, all AVE values are higher than 0.50, and the correla-
tion of any focal situating capability with other constructs is
lower than the square root of its AVE, further corroborating
the convergent and discriminant validity of the study (Henseler
et al. 2015).

4.3 | Independent Variables

4.3.1 | Cooperation During the Solution
Delivery Process

The surveyed firms were asked to describe their interaction
with users during different stages of the solution delivery pro-
cess (i.e., problem identification, solution development, and
solution implementation). Specific questions were added to the
survey instrument to identify firms that collaborate with users
in “problem identification” (“Does the business directly and ac-
tively interact with customers to identify the problem(s) that the
offered product aims to solve?”). Similarly, respondents were
asked whether they collaborate with users during the “solution

TABLE 4 | Correlation matrix among latent constructs and average
variance extracted (AVE).

Variables 1 2 3
1. Grounding capabilities 0.86

2. Bounding capabilities 0.62 0.85

3. Recasting capabilities 0.78 0.68 0.90

Note: For each latent construct, the square root of the average variance
extracted (AVE) is on the diagonal of the matrix. AVE values: grounding=0.74,
bounding=0.72, recasting =0.81. All correlations are significant at the 1% level.

development” stage (“In your firm, is R&D investment in collab-
oration with customers the main product development method
used to solve the client's identified problems?”) and the “solution
implementation” stage (“Is active collaboration with customers
the main approach adopted by the firm to implement the client's
developed solution?”).

Descriptive statistics presented in Table 5 show that 50% of the
sampled firms collaborate with customers during problem iden-
tification, while 24% and 18% do so during the solution develop-
ment and solution implementation stages, respectively.

4.3.2 | Use of AI Platforms

Managers were asked whether AT platforms are fully integrated
into the firm's operations (“Does your business use artificial
intelligence (AI) platforms such as SAS, Watson (IBM), Azure
(Microsoft), TensorFlow, Google AI Platform, or similar?”). The
figures in Table 5 indicate that 8% of firms report the use of Al
platforms in their production processes. This figure is aligned
with previous research on AI adoption (McElheran et al. 2024;
OECD/BCG/INSEAD 2025).

4.3.3 | Control Variables

We control for firm size, firm age, location, and industry in all
model specifications. Firm size is measured by the number of
employees, while business age is expressed in years, with both of
these variables logged to reduce skewness. Finally, we included
aset of regional and industry dummy variables to rule out poten-
tial territorial and industry-specific effects.

TABLE 5 | Descriptive statistics and bivariate correlations (sample =570 firms).

Variables Mean Std. dev. 1 3 4 5 6 7 8
1 Grounding 0.00 1.00 1.00
capabilities
2 Bounding 0.00 1.00 0.62%%* 1.00
capabilities
3 Recastingcapabilities  0.00 1.00 0.78***  (0.68%** 1.00
4 Use of AI platforms 0.08 0.28 0.30%**  0.19%**  0.28%**  1.00
5 Cooperation with 0.50 0.50 0.07 0.04 0.04 0.05 1.00
users for problem
identification
6 Cooperation with 0.24 0.43 0.12%#* 0.07* 0.09** 0.01 0.28%%* 1.00
users for solution
development
7 Cooperation with 0.18 0.39 0.16%**  0.16%**  0.11***  0.10**  0.18***  (.32%** 1.00
users for solution
implementation
8 Firm size 35.57 25.45 —-0.03 —0.02 -0.02 0.00 —0.06 -0.01 -0.02 1.00
(employees)
9 Firm age (years) 30.91 16.19 —0.04 -0.03 —-0.02 0.03 0.00 —-0.03 —-0.02 0.11***

Note: *, ** and *** are significant at the 10%, 5%, and 1% levels, respectively.
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4.4 | Test of Non-Response Bias, Early Response
Bias, and Common Method Bias

We then tested for the potential presence of bias in the study
data. For non-response bias, we examined whether the 56 firms
excluded from the final sample (due to incomplete surveys or
missing employment data) differed significantly from the 570
firms included in the final sample, in terms of employment
(50 cases), use of AI platforms (33), and cooperation with users
(24). The results of the Mann-Whitney U test suggest that the
excluded firms are slightly larger (average number of employ-
ees=42.41) than those included in the final sample (35.57)
(Mann-Whitney U test=1.92, p value=0.056); however, no
significant differences were observed in relation to the use of
AT platforms (Mann-Whitney U test=0.139, p value=0.889)
and cooperation with users (Mann-Whitney U test=—0.101, p
value =0.915). These results suggest that non-response bias does
not contaminate the findings.

Following the temporal separation approach (Podsakoff
et al. 2012), we used the non-parametric Mann-Whitney U
test to evaluate whether the distribution of responses by early
(first 10%) and late (last 10%) respondents is drawn from the
same sample, that is, whether the two response vectors share
the same distribution. This procedure was applied to the vari-
ables for firm size, use of Al platforms, and cooperation with
users, as well as the items measuring AI-driven situating ca-
pabilities: grounding (3 items), bounding (3), and recasting
(3). As shown in Table A2, of the 14 analyzed variables, a sig-
nificant difference in response distribution was only found
in two cases (the employment variable and the first question
used to measure recasting AI capabilities). Therefore, the
comparisons between early and late respondents corroborate
that the distribution of the main variables does not raise early-
response bias concerns.

Finally, we ran Harman's single factor test to verify the potential
presence of common method bias (Podsakoff et al. 2003; Fuller
et al. 2016), which, according to this test, occurs if the solution
of a factor model including all variables produces a single fac-
tor that accounts for more than 50% of the variance in the mea-
surement items (Fuller et al. 2016). We ran an exploratory factor
analysis with the 13 variables related to Al-driven situating ca-
pabilities, cooperation during the solution delivery process, and
the use of AI platforms. The factor model produced four factors
with eigenvalues > 1, and the first factor with the highest eigen-
value accounts for 29.02% of the total variance for the key study
variables. Although the KMO test suggests that the sample is fac-
torable (KMO =0.7140), the Cronbach's alpha (0.6444) indicates
that the proposed factor model is not internally consistent; that
is, the outcome is not reliable. Therefore, the results of Harman's
one-factor test do not raise common method bias concerns.

4.5 | Method

Following the arguments supporting our theoretical framework
(Section 2), managers engage in collaborative solution delivery
processes based on the expectation of greater competitiveness.
Nevertheless, without first modeling the decision to cooperate
with users in this process, any model explaining the effect of

this strategy on competitive capabilities would produce biased
results, even if it controls for covariates linked to AI-driven situ-
ating capabilities (Wooldridge 2002).

All firms can engage in collaborative solution delivery, and we
argue that this process is driven by, among other things, the use of
Al platforms (see Section 2). This introduces a self-selection prob-
lem (Angrist 1998; Heckman and Robb Jr 1985). Therefore, we use
regression models with an endogenous treatment to analyze the
effect of collaborative solution delivery on the development of AI-
driven situating capabilities. This method—originally proposed by
Rubin (1974) and further developed by Imbens and Angrist (1994)
and Angrist et al. (1996)—controls for self-selection by modeling
the outcome variable (in our case, Al-driven situating capabilities)
as a function of an endogenous dummy variable (i.e., the treat-
ment) linked to the three types of collaboration that firms can en-
gage in during the solution delivery process.

In treatment effect models, the outcome variable is observed
for all firms, and the endogenous dummy variable indicat-
ing the treatment condition enters into the outcome equation
(Wooldridge 2002). In this study, the treatment model takes the
following form:

Cooperation; = g, + f, Alplatforms; + §,Controls; + ¢; @
Situating capability; = §, + 6, Cooperation; + §,Controls; +y; (2)

Equation (1) is the endogenous treatment probit model, where
i indexes the sampled firms (N=>570), g; is the vector of coef-
ficients, and “Al platforms” is the instrument variable used to
model the endogenous treatment variables, that is, the set of
dummies linked to the three types of collaboration during solu-
tion delivery, and which are our dependent variables.

For the outcome model presented in Equation (2), “situating ca-
pability” refers to the factor scores computed via factor analysis
for the three AI-driven situating capabilities (grounding, bound-
ing, and recasting), while §,, is the vector of parameter estimates
for the linear models. Control variables include logged firm size
(employees), logged firm age (years), and two sets of dummy
variables that account for the potential geographic and industry-
specific effects among the sampled firms. Finally, € and y are
the normally distributed errors of the binary-choice and linear
regression models respectively.

As for the study's hypotheses, we expect g, > 0 to confirm that
the use of AI platforms leads to greater cooperation during the
solution delivery process (H1). A significant coefficient for the
cooperation variable in Equation (2) (s, > 0) would also corrobo-
rate that cooperation with end customers during the three stages
of the solution delivery process generates greater Al-induced sit-
uating capabilities (H2).

5 | Results

This section presents the findings of the treatment regressions
modeling AI-driven situating capabilities as a function of endog-
enous collaborative solution delivery processes. In Table 6, the
first column shows the results for the probit model evaluating
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TABLE 6 | Results of regression models with endogenous treatment (sample = 570 firms).

(1) First stage

(Equation 1) (2) Second stage (Equation 2): Situating capabilities

Cooperation Grounding Bounding Recasting
with users capabilities capabilities capabilities

Panel A: Problem identification

Use of Al platforms (H1)

Cooperation with users (H2)

Firm size (in employees)

Firm age (in years)

Industry dummies
Regional dummies

Intercept

Inverse Mills ratio (lambda)

Pseudo R?
Log likelihood
Wald test (chi2)

0.49 (0.20)**

Yes
Yes
—0.34 (0.11)***

0.0530
—374.14

40.79%**
(df=34)

Test of independent egs. (chi2) (df=1)

Average VIF

Panel B: Solution development

Use of AI platforms (H1)

Cooperation with users (H2)

Firm size (in employees)
Firm age (in years)
Industry dummies
Regional dummies

Intercept

Inverse Mills ratio (lambda)

Pseudo R?
Log likelihood
Wald test (chi2)

1.27

—0.02(0.21)

Yes
Yes
—0.94 (0.13)***

0.0506
—298.20

28.58%*
(df=34)

Test of independent egs. (chi2) (df=1)

Average VIF

Panel C: Solution implementation

Use of AI platforms (H1)

Cooperation with users (H2)

1.27

0.57 (0.21)***

1.28 (0.13)%**
—0.15 (0.08)*
—0.03 (0.05)
Yes
Yes
0.15 (0.39)
—0.75 (0.09)***
0.4749
—1035.91

124.56%**
(df=36)

82.93%**
1.41

—-0.18 (0.32)
0.15 (0.09)*
—0.02 (0.06)
Yes
Yes
0.65 (0.44)
0.26 (0.15)*
0.3393
—-973.01

63.32%%
(df=36)

4.20*
1.85

1.44 (0.16)***

1.10 (0.17)***
—0.11 (0.09)
—0.03 (0.06)
Yes
Yes
0.15 (0.37)
—0.65 (0.13)***
0.4057
—1048.21

66.12%**
(df=36)

28.63%**
1.50

-0.07 (0.22)
—0.13(0.09)
—0.03 (0.06)
Yes
Yes
0.64 (0.41)
0.17 (0.10)*
0.3251
-980.38

57.88**
(df=36)

3.52%
4.06

1.39 (0.17)%**

1.23 (0.14)***
—0.09 (0.09)
0.01 (0.05)
Yes
Yes
—0.15(0.35)
—0.74 (0.10)***
0.4721
—1025.53

123.05%**
(df=36)

72.83%**
1.39

—0.11 (0.33)
—0.11 (0.09)
0.02 (0.05)
Yes
Yes
0.37 (0.40)
0.16 (0.09)*
0.2782
-966.03

68.86%**
df=36)

4.97*
2.74

1.39 (0.14)**

Firm size (in employees) —0.15(0.09)* —0.14 (0.09) —0.11 (0.09)

Firm age (in years) —0.02 (0.05) —0.01 (0.06) 0.04 (0.05)

Industry dummies Yes Yes Yes Yes
(Continues)
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TABLE 6 | (Continued)

(1) First stage

(Equation 1) (2) Second stage (Equation 2): Situating capabilities

Cooperation Grounding Bounding Recasting

with users capabilities capabilities capabilities
Regional dummies Yes Yes Yes Yes
Intercept —1.11 (0.21)%** 0.38 (0.41) 0.39 (0.37) 0.07 (0.36)
Inverse Mills ratio (lambda) —0.66 (0.10)*** —0.63 (0.12)*** —0.71 (0.09)***
Pseudo R? 0.0711 0.2764 0.2203 0.2816
Log likelihood —249.48 -910.73 -914.75 —894.89
Wald test (chi2) 32.92%%* 106.52%** 93.62%%* 121.97%**
(df=34) (df=36) (df=36) (df=36)

Test of independent egs. (chi2) (df=1) 42.96%** 22.88%** 70.50%**
Average VIF 1.27 1.85 2.14 1.84

Note: Robust standard errors in parentheses. All models include a set of regional (Andalusia is the reference region) and industry dummies (‘Food processing’ is the
reference industry). *, **, and *** are significant at the 10%, 5%, and 1% levels, respectively.

the effect of AI platforms on the three stages of collaborative
solution delivery (Panel A: problem identification, Panel B:
solution development, and Panel C: solution implementation
(Equation 1)). The model specifications in columns 2, 3, and 4
report the findings for the linear models testing the role of col-
laborative solution delivery in the three situating capabilities
analyzed in this study (Equation 2).

We computed the variance inflation factor (VIF) for all models
to test whether coefficients are amplified due to correlations
across the explanatory variables. The average VIF value for the
probit model in column 1 of Table 6 is 1.27 (range = 1.02-2.07).
In the treatment models, the average VIFs range between 1.39
when estimating the effect of collaborations with users for prob-
lem identification on Al-driven recasting capabilities (Table 6:
column 4 of Panel A), and 4.06 for the model analyzing the im-
pact of collaborations for solution development on AlI-driven
bounding capabilities (Table 6: column 3 of Panel B). In all out-
come equations, the highest VIF values—including those ex-
ceeding the generally accepted cutoff value of 10 for collinearity
assessment—were observed for the endogenous treatment ef-
fect. This term is estimated from equation (1), which explains
its correlation with the exogenous covariates in Equation (2)
(Greene 2003; Heckman 1990). We also computed VIFs, includ-
ing only the strictly exogenous variables used in the outcome
models and the dummy variables linked to collaborative solu-
tion delivery. For the outcome models, the resulting average
VIFs are 1.29 for the model that includes the dummies linked
to collaboration for problem identification (column 2 of Panel
A) and solution implementation (column 4 of Panel C), and 1.28
for the specification analyzing collaborations for solution devel-
opment (column 3 of Panel B). In all models, VIF values range
between 1.05 and 2.08. Overall, these results suggest that the
model specifications do not suffer from collinearity problems,
thereby further validating our empirical approach.

Concerning the key findings of the study, the results of the pro-
bit model estimating collaborative solution delivery (column 1
of Table 6) indicate that, unlike the case of collaborations for

solution development (Panel B), the coefficient linked to the
adoption of AI platforms is positive and statistically signifi-
cant for collaborations in problem identification (Panel A) and
solution implementation (Panel C). That is, among the sampled
firms, AI platforms are instrumental in supporting the develop-
ment of relational capital between firms and the users of their
solutions. This effect particularly emerges in collaborations that
are most effective during the problem identification and solution
implementation stages. Therefore, hypothesis 1 (H1) that using
Al platforms stimulates greater cooperation during the solution
delivery process is confirmed for collaborations during problem
identification and solution implementation, but not in the case of
solution development.

Hypothesis (H2) proposes that cooperation during the solution
delivery process leads to greater Al-induced situating capabilities.
This hypothesis is partially confirmed. Table 6 shows that the coef-
ficient for the cooperation variable is positive and significant when
such collaborations between solution providers and users are de-
signed to enhance needs-finding practices (Table 6: Panel A) and
to more effectively implement the customized solution (Table 6:
Panel C). These results suggest that the effect of platform-induced
cooperation during the diagnostic and implementation stages con-
tributes to the creation of Al-driven situating capabilities.

Overall, by introducing AI platforms into their operations,
businesses can leverage the infrastructures and potential of
this technology for sharing data, thus generating valuable
information and knowledge with value-creation and inno-
vation potential (e.g., Lafuente, Vaillant, and Rabetino 2023;
Nambisan et al. 2017). While the Al-powered connection be-
tween businesses and solution users proves effective for gen-
erating collaborations in problem identification and solution
implementation, this association is insignificant when such
collaboration involves the development of customized solu-
tions. Collaboration is nonetheless important during solution
development; indeed, this finding implies that AT platforms
are not inherently tied to collaboration at this key stage of
the solution delivery process. These results suggest possible
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limitations of AI platforms in influencing processes that re-
quire creativity, such as solution development/design, thereby
emphasizing the importance of human intervention in AI
platform management.

6 | Discussion
6.1 | Summary

The study presented in this article addresses the issue of
whether the use of AI platforms could act as a cooperation en-
abler that fosters the development of Al-driven situating capa-
bilities within solution-based value generation ecosystems. To
do so, the solution delivery processes of manufacturing firms
that use modular AT platforms were compared to those of firms
that do not. It was found that such usage does indeed facilitate
cooperation during the problem identification and solution im-
plementation stages, and, as predicted by the theory of situated
Al, this cooperation leads solution ecosystems towards greater
Al-driven situating capabilities, namely, those attained through
grounding, bounding, and recasting.

6.2 | Theoretical Contributions and Implications

Our results have multiple theoretical implications. By ad-
dressing the growing demand for research on the rapidly
evolving Al-dominated paradigm (Berg et al. 2023; Verganti
et al. 2020), this is one of the first studies to empirically apply
the situated AI theory. This recently published conceptual
framework linking AI-driven situating capabilities to compet-
itive advantages (Kemp 2024) is derived from the consolidated
premises of situated agency and highlights the role that AI
potentially plays in surmounting agency challenges within
organizations to facilitate the development of competitive
advantages. Along with the well-documented analytical ad-
vantages of digitization and AI for industrial organizations
(Abdel-Karim et al. 2023; Kohtamiki et al. 2024; Lafuente
and Sallan 2024; Weber et al. 2024), the situated AI theory
proposes that: (i) with Al-driven grounding capabilities, the
organization can avoid the difficulties inhibiting shared ex-
periential learning across the organization, which can oth-
erwise lead to ad-hoc problem solving (Nayak et al. 2020;
Vaillant, Mora-Esquivel, and Alvarado 2025); (ii) through
Al-driven bounding capabilities, knowledge expropriation
hazards (Heiman and Nickerson 2004) can be avoided within
the organization; and (iii) the use of Al-driven recasting ca-
pabilities can help avert myopic stagnation (Balasubramanian
et al. 2022) across inter-organizational value interdepen-
dencies (Kemp 2024). Extrapolating from these concepts,
multi-item constructs were designed to faithfully capture the
essence of the theory's situating capabilities, as conceptually
described in Kemp (2024). The questionnaire was tested and
found to adequately capture the nature of the designed con-
structs. Consequently, the modeled constructs meant that our
study could indeed find evidence of the role AI plays in driv-
ing the development of value-inducing situating capabilities.

However, our study also extended the situated AI theory.
While the premises of this theory were conceptualized with

“intra”-organizational agency challenges in mind, the current
study has elevated its application to the “inter”-organizational
level of value-generating ecosystems. Our approach aligns with
Glaser et al.'s (2024) view that organizations should be regarded
as algorithms, wherein “agency exists in assemblages, not just in
humans or artifacts” (p. 2755). The situated agency challenges
that Al-driven situating capabilities are meant to address are
found to be particularly relevant across multi-organizational,
interoperative, and conjoined value ecosystems (Dhanaraj and
Parkhe 2006; Longo and Giaccone 2017). Conceptually and
empirically, as identified in our results, the Al-driven ground-
ing, bounding, and recasting capabilities that address situated
agency problems are correlated at the value-ecosystem level
with AT platform-induced cooperation.

As such, confirmation of the importance of AI platform-
enabled cooperation in solving ecosystemic situated agency
challenges is another important contribution of the study. The
situated AI theory gives no indication of the possible prede-
terminants of the situating capabilities that lead to AI-driven
competitive advantages. Our results clearly establish a link,
in terms of solution value ecosystems, between AI platform-
enabled cooperation and the presence of grounding, bound-
ing, and recasting.

The setting adds to the theoretical and practical implications of
these results. Solution delivery is an increasingly common, albeit
complex, value-generating strategy adopted by many productive
industries (Storbacka et al. 2013). The advent of AI has enabled
manufacturing firms to increase the value of their products by
better catering to the specific needs of their clients through the
adoption of solution business models (Kohtamiki et al. 2024;
Lafuente and Sallan 2024; Vendrell-Herrero et al. 2022). However,
the multi-stage solution delivery process (problem identifica-
tion, solution development, solution implementation), together
with the scalable customization requirements needed to success-
fully transition towards solution delivery, is often best addressed
collaboratively (von Briel et al. 2018). Our results highlight the
cooperation-enabling virtues of AI platforms within the solution
delivery process. In turn, the resulting cooperation is tied to the
key strategic situating capabilities mentioned above.

6.3 | Practical Implications

The practical implications of the study arise from the clear con-
nection made between the utilization of Al-based innovation
platforms, user cooperation, and strategic capabilities, offering
a pathway for enhanced value generation and smoother agency
within value ecosystems. Distinguishing between the different
stages of the solution delivery process and the importance of in-
volving solution users at each stage highlights the critical role
that AI platforms play in inducing cooperation, surmounting
agency challenges, and systematizing various interdependent
procedures across the solution delivery process.

However, the correlation between the use of AI platforms and
the consequent cooperation was primarily observed in the di-
agnostic and implementation stages of the process. For the de-
velopment stage, although one in every four firms in our sample
co-created their solutions with their clients, these firms did
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not use Al platforms to do so, unlike in the other stages. This
may point to possible limitations of AI platforms in influencing
processes requiring creativity, such as solution development/
design, thereby emphasizing the importance of human interven-
tion in AI platform management. As such, our results contrib-
ute to a better understanding of the complementarity between
machine and human intervention in AI platforms, adding to
recent progress in this area (Bouschery et al. 2023; Gama and
Magistretti 2023).

6.4 | Future Research Avenues

Our study highlights promising avenues for future inquiry.
Although it is by no means intended to be confirmatory, it is
nevertheless a pioneering work on the empirical application of
the principles of the situated AI theory. However, replication
studies are needed to further validate and contextualize its find-
ings (Bonett 2021). Kemp's model of AI-driven situating capabil-
ities has also faced criticism for potentially undermining other
core firm capabilities and overall competitiveness (see Moser
et al. 2024; Lindebaum et al. 2024). Although we presented a
supplementary analysis connecting the development of situat-
ing capabilities to labor productivity, we primarily focused on
the generation of these capabilities, rather than their outcomes.
Therefore, future research should evaluate the impact of devel-
oping these capabilities on core competencies, organizational
values, and other financial performance metrics.

As our main research question focuses on variance, future
process-oriented qualitative research could offer valuable insights
to complement those already obtained. The specific quantita-
tive methodology used in the study allowed us to determine the
sequence of the relationship between AI platform use, solution
delivery cooperation, and greater situating capabilities. Through
qualitative research, future studies could extend the analysis by
exploring the specific micro-foundations at play within these rela-
tionships and further emphasizing the importance of governance
in interorganizational networks, particularly in relation to AI-
driven situating capabilities. In this context, our focus on solution
delivery stages can readily be extended or applied to other stage-
based models in innovation management, such as New Product
Development (Spanjol et al. 2024).

The cross-sectional nature of our data does not allow for longi-
tudinal heterogeneity analyses, which seem necessary to better
understand the temporal evolution of the links between AI plat-
form use and the generation of situating capabilities that drive
value creation within a productive ecosystem. We found that
AI platforms make firms more likely to collaborate during the
solution delivery process, which in turn is correlated with sit-
uating capabilities that help mitigate intra-organization agency
challenges. A more in-depth longitudinal study is needed to an-
swer the how, why, which, and what research questions that fall
beyond the scope of our research but could build upon its find-
ings. Furthermore, qualitative research could tell us much more
about causation, system dynamics, and the potential reinforcing
loops that could be at play within this chain of events.

Similarly, the conclusions generated by this study are drawn
from Spanish manufacturing companies. Although we believe

that our findings and recommendations can be extended to
organizations and solution delivery ecosystems in different
geographic settings, culture has a strong influence on collab-
orative behavior and is likely to impact the situated agency
challenges and the necessary resolve at the foundation of the
theoretical model guiding this study and its results. We encour-
age researchers to engage in new studies exploring both “intra”
and “inter” organizational scenarios to further support and
consolidate the premise of the novel situated AI theory and the
implications of our study's results. Our findings also indicate
that most firms are currently unprepared to engage with AI
platforms for innovation, with only 8% of our sample adopting
this technology. Currently, it is only early adopters who seri-
ously consider the use of AI platforms. However, as adoption
rates continue to rise, further analysis will shed light on their
relationship with user cooperation, strategic capabilities, and
other significant organizational outcomes, including internal
R&D investment and innovation.

Finally, this study focuses on the role of AI in building strate-
gic situating capabilities; however, AI platforms can also lead
to stronger systemic connections between participating agents.
Therefore, to further explore the strategic value of AI technolo-
gies, future work should consider analyzing AI-driven capabili-
ties among firms participating in interorganizational networks.

7 | Conclusion

This article highlights the role of AI platforms in enhancing
cooperation and developing strategic Al situating capabilities
within solution delivery ecosystems. By analyzing Spanish
manufacturing firms, we show that AI platforms facilitate co-
operation during the problem identification and solution im-
plementation phases by fostering key situating capabilities that
mitigate common agency constraints on interorganizational
collaboration, yet highlight the need for human intervention
during the more inventive solution development stage. The re-
sults of the study underscore the value generation potential
of AI platforms for solution providers, extending the premise
of situated AI to the organizational and interorganizational
level. Our findings contribute to a better understanding of
both the potential and the limitations of AI platforms in driv-
ing cooperation and strategic capabilities in value ecosystems.
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Endnotes

1Recent research has recognized that AI can enhance creativity in
human innovation teams (Bouschery et al. 2023). However, our focus
is on the observation that while AI platforms can effectively support
operational improvements, major creative breakthroughs still require
human intervention. Thus, we propose that AI platforms may be more
proficient at facilitating operational solutions than driving highly cre-
ative outcomes without human involvement.

21t should be noted that while Kemp (2024) referred to ‘Al-driven situ-
ating activities’, we call them ‘capabilities’ in our study. Kemp sought
to explain increased competitive advantages, implying that AI-driven
situating capabilities have been ‘acted upon’ to generate such competi-
tive advantage. Our focus, on the other hand, is centered on the role of
Al platforms as cooperation enablers, which in turn supports the de-
velopment of the aforementioned situating capabilities within solution
delivery ecosystems. We do not consider whether these capabilities
have been acted upon (becoming activities rather than capabilities) to
improve the firm's competitive performance, which was the primary
focus of Kemp's model (see Moser et al. 2024).
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Appendix A

TABLE A1 | Al-driven situating capabilities: Questions in the study
questionnaire.

Panel A: Grounding capabilities

GR1 Your firm processes collected data for learning
purposes to develop its competitive strategies

GR2 Your firm feeds its management control systems
with specific customer intelligence data

GR3 Your firm feeds its management control systems
with historical organizational data

Panel B: Bounding capabilities

BD1 The firm takes steps to prevent competitors from
expropriating shared value

BD2 The firm takes steps to prevent collaborating firms
from appropriating shared value

BD3 The firm participates in actions aimed at
influencing government regulation of AI

Panel C: Recasting capabilities

RC1 The firm uses analytical tools to help establish
future strategic paths

RC2 The firm uses analytical tools to better align with
internal and external changes

RC3 The firm's Al algorithms are updated frequently
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TABLE A2 | Early response bias test: Mean comparison of items related to the study's Al-driven situating capabilities (early respondents vs. late

respondents).
Variables Early wave (first 10%) Late wave (last 10%) Mann-Whitney U test
Item Panel A: Grounding capabilities
GR1 Your firm processes collected data for learning 1.67 (1.29) 1.42(1.13) 1.16
purposes to develop its competitive strategies (p value=0.24)
GR2 Your firm feeds its management control systems 1.63(1.38) 1.33(1.04) 1.38
with specific customer intelligence data (p value=0.17)
GR3 Your firm feeds its management control systems 1.85(1.64) 1.54 (1.36) 0.98
with historical organizational data (p value=0.33)
Panel B: Bounding capabilities
BD1 The firm takes steps to prevent competitors from 1.34(0.89) 1.18 (0.59) 0.87
expropriating shared value (p value=0.39)
BD2 The firm takes steps to prevent collaborating firms 1.28 (0.76) 1.38(1.19) -0.12
from appropriating shared value (p value=0.91)
BD3 The firm participates in actions aimed at 1.25(0.70) 1.31(1.13) -0.51
influencing government regulation of AI (pvalue=0.61)
Panel C: Recasting capabilities
RC1 The firm uses analytical tools to help establish 1.57 (1.26) 1.27 (1.06) 1.90
future strategic paths (p value =0.06)
RC2 The firm uses analytical tools to better align with 1.54 (1.22) 1.40 (1.26) 1.09
internal and external changes (p value=0.27)
RC3 The firm's Al algorithms are updated frequently 1.48 (1.29) 1.18 (0.77) 1.41
(p value =0.16)
Panel D: Use of Al platforms, cooperation with
users, and firm size
Use of Al platforms 0.11 (0.31) 0.07 (0.26) 0.63
(p value=0.53)
Cooperation with users for problem identification 0.43 (0.49) 0.47 (0.51) —0.47
(p value=0.64)
Cooperation with users for solution development 0.30(0.46) 0.20 (0.40) 1.25
(p value=0.21)
Cooperation with users for solution 0.18 (0.39) 0.20 (0.40) -0.29

implementation

Firm size (employees)

52.18 (62.41)

22.11 (15.74)

(p value=0.27)

4.16
(p value <0.00)

Note: Standard deviations in parentheses. *, **, *** =gignificant at the 10%, 5%, and 1% levels, respectively (Mann-Whitney U test).
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